
 

Pre-Training Location Representations via Spatial-Temporal
Trajectory Subgraph Contrastive Learning
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Abstract: Location representations from people’s  location-based service data are important  and beneficial  for

urban downstream tasks. Locations usually have complex spatial-temporal contextual semantics, meaning that

the  same  location  has  variable  functionalities  in  different  trajectories.  Existing  methods  are  mostly  based  on

sequence  or  graph,  where  the  former  captures  accurate  temporal  but  limited  spatial  information  (one

trajectory), while the latter obtains a global spatial perspective (upstream and downstream nodes) but ignores

the  temporal  information.  Furthermore,  the  frequencies  of  visited  locations  are  long-tail  distributed,  which  is

disadvantageous  for  infrequently  visited  locations.  To  that  end,  we  propose  a  spatial-temporal  trajectory

subgraph  contrastive  learning  framework  entitled  ST-TGCL,  integrating  comprehensive  spatial-temporal

information  and  relieving  the  long-tail  issue  with  contrastive  learning.  Specifically,  we  construct  contrastive

trajectory  subgraph  pairs  to  stably  learn  variable  functionalities  and  increase  training  opportunities  for

infrequently visited locations. To capture spatial-temporal contextual semantics, we design a trajectory network

that  formulates  trajectories  and  a  trajectory  graph  convolution  network,  which  has  the  strengths  of  both

sequence-based and graph-based models. Finally, we apply the location representations for downstream tasks

to  demonstrate  our  framework’s  effectiveness  and  generalization.  ST-TGCL  is  evaluated  over  real-world

datasets, and the results demonstrate that our framework significantly outperforms existing methods in location

representation learning.
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1　Introduction

Location  representations  have  been  widely  used  in  a
variety  of  urban  tasks,  such  as  point  of  interest  (POI)

recommendation[1],  traffic  flow  prediction[2, 3],  urban
planning[4],  urban  safety[5, 6],  etc.  location-based
service (LBS) data are generated in our daily lives, like
GPS  trajectories,  check-ins  at  POIs,  and  cellular
signaling records, which contain our behavior aims and
location  functionalities.  Therefore,  the  trajectories  are
complex,  where  the  same  location  in  multiple
trajectories  has  different  contextual  semantics.  As
shown in Fig.1a, the two users all visit the offices and
restaurants. In their respective trajectories, User 1 goes
to  the  work  location  and  then  gets  off  work  to  have
dinner,  while  User  2  goes  to  the  restaurant  to  pick  up
the  takeaway and delivers  it  to  the  office.  Meanwhile,
as a real-world LBS dataset shows in Fig.1b, LBS data
usually have a long-tailed distribution where numerous
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locations  are  visited  infrequently,  while  a  handful  of
locations are visited frequently. The trained model can
be  easily  biased  towards  head  locations  with  massive
training  data,  leading  to  poor  model  performance  on
tail locations that have limited data.

By  far,  there  are  a  variety  of  methods  to  learn
location  representations  to  address  the  above  issues,
among  which  the  two  most  common  options  are
sequence-based  and  graph-based  methods.  The  two
methods  have  their  advantages  for  mining  spatial-
temporal data.

The  sequence-based  methods  mainly  capture
temporal  information  from  the  LBS  data,  which
arrange  locations  to  generate  a  trajectory  according  to
the  visiting  chronological  order.  Among  them,  some
existing  works[3] pre-train  trajectories  by  using
distributed  word  representations.  The  HrF-ZR[7]

analyzes  the  location  functionality  by  sequence
embedding  and  clustering.  With  the  success  of  self-
supervised  learning  in  many  studies,  sequence-based
methods  are  suitable  for  the  self-supervised  learning
framework.  The  CTLE[8] pre-trains  representations  by
masking part locations of trajectories. The CityShield[5]

generates  contrastive  samples  in  such  a  way  that  the

same  location  is  in  multiple  trajectories  as  a  positive
sample pair  and vice versa for a negative sample pair.
Sequence-based methods capture temporal information
and  pay  attention  to  the  spatial  information  of  one
trajectory.  A  training  sample  merely  captures  one
functionality of the location, which is disadvantageous
for  stably  learning  representations  of  locations  that
have  variable  functionalities  and  designing  self-
supervised tasks.

In  addition,  the  graph-based  methods  first  construct
graph structures that denote locations as nodes and rely
on  relations  between  locations  to  construct  structures.
The GLR[9] generates  edges based on the rule  that  the
transition  time  between  the  origin  and  destination
locations is less than the set threshold, and divides the
periods  of  the  transition  as  the  weight  of  edges.  The
GSD[10] constructs  distance-based and transition-based
graphs,  i.e.,  distances  and  frequencies  of  origin-
destination  transitions.  Target  nodes  could  obtain  all
neighbors’ information  in  one  message  passing  and
global  information  by  stacked  graph  convolution
layers,  which  capture  the  entire  spatial  semantics  but
ignore the temporal information of every trajectory.

In  this  paper,  we  propose  a  spatial-temporal
trajectory  subgraph  contrastive  learning  framework
(namely  ST-TGCL)  to  learn  location  representations
that  are  effective  and  general  for  downstream  urban
tasks.  More  specifically,  our  framework  consists  of
three components: (1) Trajectory network generation is
designed  to  denote  the  locations  and  the  transfers
between them. To address the shortcomings of the loss
of  temporal  information  in  the  graph-based  methods
and  the  limited  spatial  information  in  the  sequence-
based methods, the well-designed edges contain highly
accurate  and  comprehensive  temporal  information
similar to sequence data and the graph-based structure
could  obtain  global  spatial  information.  (2)  Trajectory
graph  convolution  network  (TGCN)  gets  the  best  of
both worlds,  that  is,  the advantages of sequence-based
and  graph-based  methods.  It  stacks  temporal  encoder
layers and spatial graph convolution layers to integrate
global spatial and comprehensive temporal information
about  locations  and  learn  location  representations.  (3)
Trajectory  subgraph  contrastive  learning  utilizes  the
spatial-temporal  characteristics  of  trajectories  to
construct subgraph pairs as training samples, designs a
multi-task  loss  function,  and  optimizes  the  parameters
of  TGCN.  Our  contributions  are  summarized  as

 

(a) Trajectories of two users in daily life

(b) Distribution of a long-tailed dataset, namely a
location-based service dataset
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Fig. 1    Visited location pattern (we take the logarithm of the
visited location frequency).

    2 Tsinghua Science and Technology, September 2026, 1(1): 1−15

 

Ju
st

 A
cc

ep
te

d



follows:
●  We  design  a  novel  network  for  trajectory,  which

formulates  accurate  and  comprehensive  spatial-
temporal  information  about  trajectories  and  constructs
a graph structure to denote relations between locations.

● We design a trajectory graph convolution network
as  an  encoder  to  stably  capture  complex  spatial-
temporal  contextual  semantics  in  trajectories  and
variable  functionalities  of  locations  and  learn  location
representations.

● We propose a spatial-temporal trajectory subgraph
contrastive learning framework that takes advantage of
the  spatial-temporal  characteristics  of  trajectories  to
pre-train  location representations  and relieve the  long-
tail issue.

●  We  conduct  experiments  on  real-world  datasets.
Evaluation  results  demonstrate  that  our  framework,
namely  ST-TGCL,  significantly  outperforms  existing
sequence-based  and  graph-based  methods,  and
relations  between  locations  in  representation  space
conform to our common sense.

2　Related Work

2.1　Sequence-based contrastive learning methods

Sequence-based  contrastive  learning  methods  have
gained  significant  attention  in  the  fields  of  urban
computing  and  spatio-temporal  machine  learning.
These  methods  leverage  the  temporal  and  spatial
dependencies  inherent  in  urban  data  to  learn  robust
representations,  which  are  crucial  for  various
downstream tasks. One of the pioneering works in this
area is CTLE[8], different from previous clustering and
distributed  word  representation  methods,  which
proposes  a  novel  context- and  time- aware  location
embedding  method.  This  method  design  filling  in  the
missing  location  based  on  the  contextual  location  in  a
trajectory as a contrastive task to learning the location
representations.

Furthermore,  other  notable  sequence-based
contrastive learning methods[11–16] have emerged, each
addressing  different  challenges  in  urban  computing.
CCL[17] presents  a  novel  curriculum  contrastive
learning  framework  for  effectively  modeling  the
sequential  data,  where  a  curriculum  learning  strategy
conducts  contrastive  learning  via  an  easy-to-difficult
learning  process.  HCL[18] designs  a  novel  hierarchical
contrastive  learning  method  for  temporal  point
processes,  which  addresses  overfitting  and  leads  to

unsatisfactory  generalization  power  due  to  incomplete
and  sparse  sequences  that  are  common  in  practice.
CoPPS[19] proposes  a  contrastive  learning  framework
that  aims  to  learn  high-quality  user  representations  by
designing  three  data  augmentation  and  contrastive
learning strategies. The above methods address various
challenges  in  urban  computing,  but  they  merely
consider  spatio-temporal  dependencies  between  and
within  sequences.  It  may  cause  fluctuations  in  the
model parameters and difficulty in convergence. In this
paper,  we  integrate  multiple  sequences  to  generate
subgraphs  as  contrastive  instances,  which allows for  a
more complete description of locations.

2.2　Graph-based contrastive learning methods

The  main  idea  of  contrastive  learning  is  to  make
representations  agree  with  each  other  under  proper
transformations and raises a recent surge of interest  in
representation  learning  and  graph  contrastive
learning[20]. Existing methods[21–26] in graph contrastive
learning can be categorized into two types: same-scale
and  cross-scale[27].  The  former  branch  of  methods
discriminates  graph  samples  on  an  equal  scale,  while
the  second  type  of  method  places  the  contrast  across
multiple  granularities.  For  example,  MICRO-Graph[28]

proposes  a  learning-based  sampling  strategy  to
generate semantically informative subgraphs.

Recently,  a  series  of  studies  have  explored  spatial-
temporal  representation  learning  with  GNN[29, 30].
ST2Vec[31] proposes  a  trajectory  representation
architecture that considers spatial-temporal correlations
between  pairs  of  trajectories  for  similarity  learning.
ConST-CL[32] can  effectively  learn  spatial-temporal
representations  by  designing  a  region-based  self-
supervised task. This task requires the model to learn to
transform  sample  representations  from  one  view  to
another guided by context features. SPGCL[33] presents
a  general  model  for  spatio-temporal  learning  that
emphasizes  the  semantic  relationships  between
monitored  locations,  and  caters  to  graph  construction
when  the  deterministic  adjacency  is  not  available.
AutoST[34] proposes  a  new  region  representation
learning  method  with  the  automated  spatio-temporal
graph  contrastive  learning  paradigm  over  the
heterogeneous region graph generated from multi-view
data  sources.  TKG-LDG[35] is  an  approach  enhancing
temporal  knowledge  graph  for  future  entity  prediction
with long-term dense graph,  modeling event  evolution
in  an  adaptive  manner.  Bi-LSTM-AM[36] proposes  a
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novel  relational  graph  attention  network  that
incorporates edge attributes. This method first builds a
semantic  dependency  graph  through  dependency
parsing,  models  a  semantic  graph  that  considers  the
edge attributes by using top-k attention mechanisms to
learn  hidden  semantic  contextual  representations,  and
finally  predicts  event  temporal  relations.  DBAG-
GCN[37] proposes  a  novel  deep  bi-directional  adaptive
gating graph convolutional network for spatio-temporal
traffic  forecasting.  HestGCL[38] proposes  a  novel
heterogeneous  spatio-temporal  graph  contrastive
learning method to compensate for the shortcomings of
the existing GNN-based methods for  modeling spatio-
temporal  information.  TAG-Net[39] proposes  a  model
consisting  of  a  new  cooperative  learning  mechanism
for  target  attention  graphs,  and  also  adopts  self-
supervised contrastive learning to alleviate the problem
of excessive smoothing in graph learning, simulating a
sociological  phenomenon  called  the  chameleon  effect.
Despite  the  efforts  of  these  studies,  they  ignore  the
spatial-temporal  characteristics  of  trajectories  when
constructing  local  subgraphs.  In  this  paper,  we  utilize
the  spatial-temporal  characteristics  of  trajectories  to
construct  contrastive  subgraphs  of  the  trajectory
network  as  training  samples  and  elaborately  design  a
contrastive loss function.

2.3　Urban computing

Our study also falls into the research category of urban
computing.  The  location  representations  can  be  taken
as pre-trained parameters to integrate into task models
for assisting downstream tasks. Urban computing[40, 41]

aims to build smart cities, which solve a series of urban
issues[42–44].  The  main  research  areas  within  urban
computing can be categorized into four key aspects:

● Transportation. Researches[45–49] in  this  area
focus  on improving the  efficiency and safety  of  urban
transportation  systems.  The  location  representations
can  reflect  population  movement,  road  network
density,  and  other  information  in  different  regions.  In
traffic  flow  prediction  or  route  planning,  location
representations  can  provide  spatial  context  for  the
model and improve prediction accuracy.

● Environment. Existing  methods[50–52] aim  to
monitor  and mitigate urban pollution,  optimize energy
consumption,  and  enhance  green  infrastructure.  The
location  representations  allow  for  a  better
understanding of the functional attributes, development
potential,  and  needs  of  different  areas.  These

representations  can  be  combined  with  existing  socio-
economic data (e.g., population density, income levels,
etc.)  to  help  decision-makers  optimize  area  use
allocation.

● Public  safety. Ensuring  public  safety  is  a
fundamental  aspect  of  smart  city  research.  Urban
computing has been applied to crime prediction[53] and
emergency  response  optimization[54, 55].  The  location
representations allow the analysis of crime patterns and
the  probability  of  occurrence  in  different  areas  of  the
city.  Combining  historical  crime  data  (e.g.,  burglary,
violent  crime,  traffic  accidents,  etc.)  with  the  spatial
characteristics  of  the  locations,  the  model  can  predict
potential high-crime areas in the future, thus providing
decision support to the police and security authorities.

● Public health. The integration of urban computing
in  healthcare  aims  to  improve  public  health  outcomes
by  leveraging  data  from  urban  environments.  This
includes monitoring the spread of infectious diseases[56,

57] and optimizing healthcare delivery[58].  The location
representations  can  be  combined  with  public  health
data,  such  as  cases  of  infectious  diseases,  population
movements, and distribution of healthcare resources, to
help  predict  the  pathways  of  disease  transmission  in
cities.

In  this  work,  we  aim  to  learn  generalization
representations,  which  is  beneficial  for  the  prediction
of  traffic  flow,  the  recommendation  of  people’s  next
locations, and other urban tasks.

3　Preliminary

In  this  section,  we  give  the  mathematical  definitions
and  problem  statements  discussed  in  this  paper  for
convenience.

cu = (u, l, tin, tout) u
u ∈ {ui|0 ⩽ i < U} l l ∈ {li|0 ⩽ i < N}

tin tout

LBS  data. LBS  data  are  denoted  as  a  quad-tuple
,  which  indicates  that  user 

( ) arrives at location  ( )
at time  and leaves at time .

Traju = [cu
0, cu

1, . . . , cu
Nu ]

cu
i = (u, li, tin

i , tout
i ) u

∀i ⩾ 0, tin
i < tout

i < tin
i+1 < tout

i+1

User trajectory. A user trajectory is the sequence of
LBS  data, ,  where

 is  the i-th  point  of  the  user ’s
trajectory.  The  sequence  is  sorted  by  chronological
order, i.e., .

Trajui j = [cu
i , cu

i+1, . . . , cu
j ], 0 ⩽ i ⩽ j ⩽ Nu

Trajectory  segment. A  trajectory  segment  comes
from  a  continuous  part  of  a  user  trajectory,  that  is,

.

G = (V , E , X )
Trajectory  network. We  represent  a  trajectory

network,  a  directed  multigraph,  as ,
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V = {v1, v2, . . . , vN}
E = {ek

i j|0 ⩽ i, j < N}

(vi, v j) k

vi v j ek
i j = (tin

i , tout
i , tin

j , tout
j )

i j X = {x1, x2, . . . , xN}
V

xvi vi

where  is  a  set  of N nodes  and
corresponds to the locations, and  is
a set of directed edges and indicates that a transition is
between  the  two  nodes .  is  an  index  to
distinguish  edges  because  multiple  edges  might  be
between  and .  The  set  is
associated with the temporal feature of a transfer from
location  to  location .  The  set 
has  a  one-to-one  correspondence  with  the  node  set ,
where  represents the representations of node .

{cu
i |0 ⩽ u < U, 0 ⩽ i ⩽ Nu}

X G

Problem  statement. Given  an  LBS  dataset
,  this  proposed  framework

aims  to  learn  location  representations.  The  end-to-end
framework  that  randomly  initializes  the  location
representations ,  generates  trajectory  network ,
designs  the  TGCN,  constructs  contrastive  trajectory
subgraph pairs, and learns location representations.

4　Methodology

In  this  section,  we  detailedly  describe  the  spatial-
temporal  trajectory  subgraph  contrastive  learning
framework,  namely  ST-TGCL,  consisting  of  three
components: trajectory network, TGCN, and trajectory
subgraph contrastive learning.

4.1　Trajectory network

li l j

vi v j

(vi, v j)

Existing  works  formulate  trajectories  as  a  graph  or
multiple  sequences,  where  the  former  damages
temporal information after graph generation, while the
latter  merely  expresses  a  single  functionality  in  one
sample.  Graphs  can  represent  complex  data  structures
and have good scalability. Hence, we utilize a graph to
describe  that  users  visit  location  sequences.  The
trajectory  network  is  a  directed  multigraph  whose
edges  denote  transfers  between  locations.  In  a  real-
world scenario, numerous users could go from location

 to  location .  Therefore,  multiple  directed  edges
correspond from  to  to multiple origin-destination
transitions .

The trajectory graph differs from both heterogeneous
and  dynamic  graphs.  Distinct  from  heterogeneous
graphs, which have multiple types of nodes and edges,
a  trajectory  graph  contains  only  one  type  of  node  and
edge.  Additionally,  unlike  dynamic  graphs,  where
nodes and edges can change over time, the structure of
a  trajectory  graph  remains  static.  To  capture  the
sequential characteristics of user trajectories, trajectory
graphs incorporate temporal features on the edges. This
approach  effectively  combines  the  strengths  of  both

graph-based and sequence-based methods.

ek
i j

li l j tin
i tout

i

tin
j tout

j

X ∈ RN×K

We  describe  the  trajectory  network  generation  as
follows:  when  obtaining  LBS  data,  we  first  transform
them  into  trajectories  by  sorting  the  user  and  time.
Then, we take all locations as nodes and generate edges
based on origin-destination relations in the trajectories.
The  features  of  the  edge  are  timestamps  of  arrival
and departure at location  and location , i.e., , ,

,  and .  Finally,  we  randomly  initialize  the  node
features  (location  representations) ,  where K
is  the  dimension  of  the  features.  As  shown  in Fig.  2,
two trajectories generate a trajectory network.

G = {V , E , X }
Through  the  above  process,  we  generate  the

trajectory network .

4.2　TGCN

The TGCN stacks temporal  encoder  layers  and spatial
graph convolution layers, where the former handles the
shortcoming  that  graph  convolution  captures  temporal
information  while  the  latter  learns  spatial  structures.
The  temporal  encoder  layer  first  embeds  the  temporal
features of edges, generates temporal embeddings, and
then  passes  the  embeddings  to  spatial  graph
convolution.  The  spatial  graph  convolution  layer
integrates  the  spatial-temporal  information  of
neighboring  nodes  and  generates  location
representations.
4.2.1　Temporal encoders
We  utilize  temporal  encoder  layers  to  capture  the
temporal  information  of  trajectories.  The  temporal
information  of  trajectories  can  be  divided  into  three
categories:  visit  time,  stay  time,  and  transfer  time.  To
model the aforementioned three categories of temporal
information,  the  features  of  edges  are  fed  into  three
components,  i.e.,  visitation  temporal  encoder,  stay
temporal encoder, and transfer temporal encoder.

Visitation  temporal  encoder. The  time  at  which
locations  are  visited  is  subject  to  tidal  patterns.
 

 

3→2→1→7→5
4→2→1→5→6

Fig. 2    Illustration  of  a  generating  trajectory  network  via
trajectories.  The colors (blue and red) of  the arrows denote
two  trajectories.  The  blue  trajectory  is ,  and
the  red  trajectory  is .  The  trajectories
generate a trajectory network that is a directed multigraph.
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Locations  with  different  functionalities  have  varying
tidal patterns, and the functionalities of these locations
change over time. The tidal patterns are affected by the
hierarchical  time  stamps  (hour,  week,  month,  and
year).  For  example,  people’s  behaviors  are  very
different  on  workdays  and  weekends,  so  the
distribution  of  locations  in  the  trajectory  also  varies
greatly. In conclusion, visitation time is correlated with
location  functionalities  and  is  beneficial  for
representation learning.

The  visitation  temporal  encoders  are  calculated
according to the arrival time of the origin or destination
locations.  We  first  transform  the  timestamps  into
hierarchical  timestamps,  i.e.,  minute,  hour,  and  week.
Then,  the  visitation  temporal  encoder  embeds  the
hierarchical  timestamps  separately.  Finally,  the
embeddings are aggregated to represent information on
visitation  time.  The  visitation  time  embedding  (VTE)
of the target the i-th node is expressed as 

VTEi =
∑
op

Fv
op(ϕv

op(tin)) (1)

Ht = {minute, hour, week}
op ∈ Ht ϕv

op (·)
Fv

op (·)
R→ RK

where  is a set of hierarchical
timestamp categories and ,  transforms the
timestamps into hierarchical time stamps, and  is
an embedding function: .

Stay temporal encoder. The stay time at locations is
distinguishable  between  different  locations  and
different  functions  of  the  same  location.  For  varying
location  categories,  their  stay  time  distributions  are
distinctive; for example, the stay time of visited offices
and markets. Compared to the markets, the means and
variances  of  office  stay  time  are  larger  and  smaller,
respectively.  For  the  same  location,  the  stay  time  is
related  to  varying  functionalities,  such  as  dining  and
takeout in a restaurant.

The input of stay temporal encoders is the arrival and
departure times.  Firstly,  we calculate  the stay time for
locations, which is formulated as 

ts
i = ϕ

s(tin
i , tout

i ) (2)

ϕs (·)

i

where  the  calculates  the  interval  between arrival
and  departure  time.  Next,  we  employ  sine  and  cosine
functions of  different  frequencies  to  represent  the stay
time  embedding.  The  stay  time  embedding  (STE)  of
target node  is formulated as 

STEi = [Fs
1(ts

i )||Fs
2(ts

i )|| . . . ||[Fs
j(t

s
i )|| . . . ||Fs

K′ (t
s
i )],

Fs
j(t

s
i ) = [cos(ws

jt
s
i )||sin(ws

jt
s
i )] (3)

ws
1, ws

2, . . . , ws
K′ ||

STEi K K′

where the  are trainable parameters, “ ”
is  a concatenation operation,  and the dimension of the

 is , and  is the number of the neighbors.
Transfer  temporal  encoder. The  transfer  time

between  locations  often  significantly  affects  message
passing  in  representation  learning.  For  the  LBS  data,
the shorter the transfer time between two locations, the
higher  the  correlation.  The  calculation  method  of  the
transfer  temporal  encoder  is  similar  to  that  of  the  stay
temporal  encoder.  We  first  calculate  the  transfer  time
between locations, which is expressed as 

tt
i = ϕ

t(tout
i , tin

j ) (4)

ϕt(·)

i

i

where  the  calculates  the  interval  between  the
departure  time  of  the  origin  location  and  the  arrival
time  of  the  destination  location.  The  target  node 
inputs  its  departure  time when it  is  the  origin  location
of the trajectory, and vice versa, inputs its arrival time.
Then,  we generate  the  transfer  time embedding (TTE)
of target node , which is formulated as 

TTEi = [Ft
1(tt

i)||Ft
2(tt

i)|| . . . ||[Ft
j(t

t
i)|| . . . ||Ft

K′ (t
t
i)],

Ft
j(t

t
i) = [cos(wt

jt
t
i)||sin(wt

jt
t
i)] (5)

wt
1, wt

2, . . . , wt
K′where the  are trainable parameters.

Through  the  above  processing  of  three  components,
we  obtain  visitation  time,  stay  time,  and  transfer  time
embeddings to denote the temporal information.
4.2.2　Spatial graph convolution
The temporal  encoder models temporal  information as
edge  embeddings  to  participate  in  representation
learning.  The  spatial  graph  convolution  aggregates
upstream and downstream information to  integrate  the
spatial-temporal  information  in  nodes  and  edges.  The
spatial  graph  convolution  consists  of  two  processes:
message passing and update embedding.

The  message  passing  is  to  integrate  temporal  and
spatial  information,  i.e.,  the  edge  and  node  features,
which is expressed as 

mτ+1
i =

( j, k)∈N in
i∑

( j, k)

Fin(hτj , ek
i j)+

( j, k)∈N out
i∑

( j, k)

Fout(hτj , ek
i j) (6)

N in
i i

N out
i i j

k
mτ+1

i (τ+1)
ek

i j VTEk

STEk TTEk hτ0, hτ1, . . . , hτN

where  is  an  edge  set  whose  origin  node  is  and
 is an edge set whose destination node is ;  is an

upstream or downstream node index of the target node
and  is an edge index, which corresponds to one edge;

 denotes  the  aggregated  message  of  the -th
layer;  denotes  the  feature  of  the  edge,  i.e., ,

,  and ;  denotes  node
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τ h0
0, h0

1, . . . , h0
N

x0, x1, . . . , xN

embedding output by the -th layer, and 
are .

Fin (·) Fout (·)The functions  and  aggregate upstream
and downstream nodes, respectively. To begin with, we
integrate  the  VTE  and  the  STE  into  node  embedding,
which is expressed as 

ĥτi = φ
t(hτi , VTEk

i , STEk
i ) (7)

φt(·)

The node embedding integrates the VTE and the STE.
A concatenation operation and an aggregation function
are utilized to initialize . Afterward, the target node
aggregates  information  about  the  upstream  or
downstream nodes based on the transfer time, which is
formulated as 

Fin(·) =
WαinTTEk

j

( j′, k′)∈N in
i∑

( j′, k′)

WαinTTEk′
j′

Winĥτj
(8)

Wαin Win j′ k′

Fout(·)
Fin(·)

where  and  are trainable parameters.  and 
are indexes for nodes and edges, respectively.  is
calculated  in  the  same  way  as ,  which  is
expressed as 

Fout =
WαoutTTEk

j

( j′, k′)∈N out
i∑

( j′, k′)

WαoutTTEk′
j′

Woutĥτj
(9)

Wαout Woutwhere  and  are trainable parameters.

i

The  update  embedding  is  generated  based  on  the
aggregated  message  and  previous  embedding.  We
update  the  embedding  of  target  node ,  which  is
calculated as 

hτ+1
i = Fu(hτi , mτ+1

i ) (10)

Fu (·)

i

where  is  a  function that  stacks  linear  layers  and
activation  functions  to  update  the  representation  of
target node .

1
2 5 7

e1
21 e5

21 e6
15 e2

17
2

1

As shown in Fig. 2, when we take Node  as a target
node,  it  would  aggregate  Nodes , ,  and  based  on
edges , , , and . It is noteworthy that Node

 integrates  the  time  information  of  blue  and  red
trajectories and is aggregated to Node .

4.3　Trajectory subgraph contrastive learning

In  this  subsection,  we  mainly  introduce  trajectory
subgraph  contrastive  learning,  including  trajectory
contrastive  sample  construction  and  contrastive  loss
function. To address the long-tail issue, this component
learns  deep  representations  of  locations  by  designing
pretext tasks to optimize parameters. As shown in Fig.
3, we construct trajectory contrastive samples based on
the  trajectory  network,  input  the  samples  to  the
trajectory graph convolution network, and optimize the
parameters  of  the  framework  by  the  well-designed
contrastive loss function.
4.3.1　Trajectory contrastive samples construction
The  trajectory  contrastive  sample  construction  mainly
obtains  positive  and  negative  samples  by  constructing
subgraph pairs. It consists of two main steps: trajectory
segment generation and contrastive trajectory subgraph
construction.

2Nseg+1

[0, Nseg)
Nseg (Nseg, 2Nseg+1]

Trajectory  segment  generation  samples  a  trajectory
segment  whose  length  is  in  trajectories.  We
first  select  a  location  as  the  anchor  node.  In  theory,
every  location  visited  at  least  twice  is  selected  as  an
anchor  node.  Then,  we  sample  a  segment  of  the
trajectory containing the anchor node. We set ,

,  and  as  upstream  nodes,  the
 

r

c

Joint training

(a) Trajectory
segment generation

(c) Contrastive trajectory subgraph construction

DirectionLocation pairs

TGCN

Anchor node Upstream node Downstream node Edge MarginMaximize distinction Minimize distinction

(b) Trajectory network (d) Loss function

Sample
1 2 3 4

1

2
2

1

4

3 4

3
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1

4
2

2

3

3
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4
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Fig. 3    Overall framework of spatial-temporal trajectory subgraph contrastive learning.
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2Nseg+1

1, 2, . . . , 5

anchor node, and downstream nodes, respectively, and
obtain a segment whose length is . Finally, we
create  an  index  to  quickly  find  the  required  sequence
segments.  As  shown  in Fig.  3a,  the  blue,  green,  and
yellow  nodes  are  the  anchor,  upstream  nodes,  and
downstream  nodes,  respectively,  and  are
trajectory segments of the anchor node.

2Ntraj

Nseg Ntraj

Contrastive  trajectory  subgraph  construction  takes
trajectory segments and the trajectory network as input
and  outputs  contrastive  trajectory  subgraph  pairs,
namely train samples. We first sample  segments
whose  anchor  node  is  the  same  location.  Then,  we
evenly divide the sampled trajectory segments into two
parts.  Finally,  we  select  the  nodes  and  edges  of  the
trajectory  network  corresponding  to  these  trajectory
segments  to  construct  two  subgraphs  as  a  contrastive
sample  pair.  As  shown  in Fig.  3b,  the  trajectory
network merely includes the anchor node and its 2-hop
neighboring  nodes  for  convenience  and  clarity.  In
Fig.  3c,  we  set  =  2  and  =  2  and  sample
trajectory  segments  (1,  2)  and  (3,  4)  to  construct  a
contrastive trajectory subgraph pair.

In actual scenarios, each location could have multiple
functionalities  that  usually  vary  in  trajectories
(trajectory segments), just as the same word could have
different meanings in multiple sentences. For example,
a  factory  is  a  place  where  various  raw  materials  are
received,  various  products  are  sent  out  during
production,  and  workers  work.  In  LBS data,  the  three
functionalities of the factory mentioned above could be
close to the warehouse, take-out restaurant, and office,
respectively, in the representation space. Therefore, we
combine  trajectory  segments  to  construct  subgraph
pairs  to  obtain  a  comprehensive  and  sufficient
description of a location.

Ntraj Nseg

2Nseg+1

Ntraj

In  contrastive  trajectory  subgraph  construction,  the
settings  of  and  are  critical.  The  following
factors  are  considered  when  setting  the  sampling
trajectory segment length and the number of generated
trajectory  segments:  Due  to  the  periodicity  of  people
visiting  locations  and  functionalities,  to  avoid  those
anchor  nodes  reappearing  upstream  and  downstream,
the  length  of  sampled  trajectory  segments 
should be less than the period of people’s activity (e.g.,
day,  week,  etc.).  Meanwhile,  the  number  of  trajectory
segments  constructed  as  contrastive  trajectory
subgraphs  is  enough  to  comprehensively  describe  the
functionalities of locations. In a word, it is too large to
introduce  noise  and  unnecessarily  compute.

Ntraj Nseg

Considering  the  computational  and  redundancy
aspects,  and  are not set to be too large.
4.3.2　Contrastive loss function

L
Lr

Lc

L

As  shown  in Fig.  3d,  the  contrastive  loss  function 
consists  of  two  parts:  node  representation  loss 
(representation distance) and node order loss  (edge
direction), respectively.  is defined as 

L = θLr+ (1− θ)Lc (11)

θ ∈ [0, 1]
Lr Lc

where  is  a  hyperparameter,  and  is  the  trade-
off parameter of  and .

Gi = {V i, X i, E i} G j = {V j, X j, E j}

Hi H j Gi G j

We  sample  a  contrastive  trajectory  subgraph  pair
 and ,  whose  nodes

can  be  divided  into  three  categories:  (1)  anchor  nodes
(the  blue),  (2)  upstream  nodes  (the  green),  and  (3)
downstream  nodes  (the  yellow),  as  shown  in Fig.  3c.
Through  encoding  of  the  TGCN,  the  node
representations  and  of  nodes  in  and  are
obtained, respectively.

hi
a h j

a

h̄u h̄d

The  anchor  representations  of  the  contrastive
trajectory  subgraph  pairs  are  indicated  by  and .
Due  to  the  complex  behaviors  and  aims  of  people  in
actual  scenarios,  the  nodes  with  similar  functionality
might wrongly are divided into different categories in a
subgraph, which could make the parameters difficult to
train.  For  more  stable  representations,  a  mean
aggregation  function  MEAN  (·)  is  employed  to
transform  the  representations  of  upstream  and
downstream nodes,  and ,  respectively,  which are
expressed as 

h̄u =MEAN({h|h ∈N G
u }) (12)

 

h̄d =MEAN({h|h ∈N G
d }) (13)

N G
u N G

d Nseg

G
where  and  are  the -hop  upstream  and
downstream neighbor nodes in , respectively.

hi
a h j

a

h̄i
u h̄i

d h̄ j
u

h̄ j
d

In  a  word,  the  positive  instance  consists  of  anchor
representations,  and , while the negative instances
consist  of  anchors  and  mean-aggregated  upstream and
downstream  node  representations  that  are , , ,
and .

LrNodes representation loss  is used to estimate the
distance of  nodes in  representation space.  It  takes  two
anchor  nodes  as  a  positive  sample  in  a  pair  of
subgraphs  while  taking  anchor  nodes  and  other  nodes
(upstream and downstream nodes) as negative samples.
As shown in Fig. 3d, it is set to minimize the distance
between  anchor  nodes  and  maximize  the  distance
between anchor nodes and other nodes in a contrastive
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Lrtrajectory  subgraph  pair.  of  the  sample  pair  is
defined as 

Lr = βrlr(hi
a, h j

a)− (1−βr)
∑
v∈i, j

(lr(hv
a, h̄v

u)+ lr(hv
a, h̄v

d))

(14)

βr ∈ [0, 1]

lr (·)

where  is a hyperparameter, and is the trade-
off parameter of minimizing and maximizing distance.
We  utilize  mean  squared  error  to  instantiate ,
which is expressed as 

lr(x, y) = (x− y)2 (15)

Lc

Lc

Nodes  order  loss  mainly  learns  the  temporal
information  to  be  designed  to  enhance  temporal
representation.  As  shown  in Fig.  3d,  is  to  predict
edge  direction,  which  takes  anchor  nodes,  upstream
nodes,  or  downstream  nodes  representations  as  inputs
and  predicts  their  chronological  order.  Moreover,  its
purpose  is  to  make  the  nodes  learn  temporal
information  while  making  the  nodes  visited
infrequently obtain sufficient training. If the number of
trajectory  segments  of  a  location  is  not  enough  to  be
selected  as  an  anchor,  the  location  can  participate  in
training  as  an  upstream  or  downstream  node  of  the
contrastive sample.

Lc

This  task  is  formulated  as  a  classification  problem,
that  is,  if  the  input  representations  are  arranged  in  an
origin-to-destination  manner,  which  is  a  positive
sample,  and  vice  versa,  a  negative  sample.  of  the
sample pair is defined as 

Lc =
∑
v∈i, j

(βclc(h̄v
u, hv

a)+βclc(hu
a , h̄v

d) +

(1−βc)(lc(h̄v
u, h̄v

d)) (16)

βc ∈ [0, 1]where  is a hyperparameter, and is the trade-
off parameter of anchor and other nodes.

lc R2d → R2:  consists  of  stacked  layers,  which  are
the  concatenation  operation  layers,  linear  layers,
activation  function  layers,  and  log-likelihood  loss
function layers, which is formulated as 

lc(x, y) = log(σ(Wc[x||y])) +
log(1−σ(Wc[y||x])) (17)

Wc σ(·)where  is  a  trainable  parameter,  and  is  an
activation function.

5　Experiment

In this section, we describe our experimental setup and
empirical results. We conduct extensive experiments to
benchmark the  effectiveness  and generalization ability

over  multiple  real  datasets.  Our  experiments  are
designed to answer the following research questions:

● RQ1: Are  the  location  representations  useful  for
urban tasks in actual scenarios?

● RQ2: Do  the  location  representations  conform to
our common sense?

● RQ3: What  are  the  influences  of  various
components in the ST-TGCL?

5.1　Dataset

We  evaluate  our  framework  on  four  real-world
location-based  datasets:  Brighkite‡,  NYC§,  TKY§,  and
MHK. Table 1 shows the statistics of the used datasets.
The  Brighkite,  NYC,  and  TKY  are  location-based
datasets where users share their locations by check-ins,
including user ID, location, check-in time, etc.

The  MHK contains  POI  and  cellular  signaling  data.
The  POI  data  include  name,  location,  and  category.
The cellular signaling data include user ID, connection
time,  and  station  location.  Thus,  we  could  obtain
mobility traces of users when users arrive at and leave
the  station.  The  dataset  covers  the  whole  city,
Meihekou,  and  all  trip  aims  and  modes  to  ensure
comprehensive semantics.  We have collected the data,
whose  capacity  is  108.1  GB,  from  January  13  to  19,
2023.

5.2　Baselines.

We  compare  our  framework  with  the  following
baselines:

● Sequence-based  methods. POI2Vec[59] is  an
embedding method based on Word2Vec, which models
sequence  correlations  through  distributing  locations.
CTLE[8] implements  the  mapping  function  using  a
bidirectional  transformer  encoder  and  employs  the
masked language model pretraining objective to model
the  sequential  correlation  in  trajectories.  CL-TSim[60]

employs  a  contrastive  learning  mechanism  and
proposes  two  augmentation  strategies,  including  point
 

Table 1    Dataset statistics.

Dataset Number of
users

Number of
locations

Number of
check-ins

NYC 824 38 336 227 428
TKY 1939 61 858 573 703

Brighkite 5247 48 181 1 699 579
MHK 298 691 2356 514 525 418 

 

‡ https://snap.stanford.edu/data/loc-brightkite.html 
 

§ https://sites.google.com/site/yangdingqi/home/foursquare-dataset
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down-sampling and point distorting, to learn the latent
representations  of  trajectories.  CoPPS[19] is  a
contrastive  learning  framework  designed  to  enhance
product  search  by  generating  high-quality
representations  through  self-supervision  signals,
utilizing  data  augmentation  strategies,  and  leveraging
an external knowledge graph.

● Graph-based  methods. DGI[61] leverages  local
mutual  information  maximization  across  the  graph’s
patch  representations  to  obtain  powerful  graph
convolutional architectures. SUBG-CON[62] utilizes the
strong  correlation  between  central  nodes  and  their
regional subgraphs for model optimization. ST2Vec[31]

is a spatio-temporal representation learning model that
enhances trajectory similarity computation by encoding
fine-grained  spatial  and  temporal  relations,  using
spatio-temporal  co-attention  fusion  and  curriculum
learning  for  improved  accuracy  and  efficiency.
GraphMAE[63] proposes  focusing  on  feature
reconstruction with both a masking strategy and scaled
cosine  error  that  benefit  robust  training.  MaskGAE[64]

adopts a self-supervised method that masks a portion of
edges and attempts to reconstruct the missing part with
a  partially  visible,  unmasked  graph  structure.
AutoST[34] is  a  spatio-temporal  graph  contrastive
learning  framework  that  improves  region  embedding
by  capturing  multi-view  region  dependencies  and
enhancing  robustness  against  data  noise  and
distribution heterogeneity.

5.3　Experiment setup

Model settings. Three categories of temporal encoders
are applied in MHK, while the stay temporal encoders
are  not  used  due  to  the  lack  of  leaving  time  in
Brighkite,  NYC,  and  TKY.  Three  TGCN  layers  are
stacked  to  extract  and  aggregate  representations  of
trajectory  subgraphs  in  Brighkite,  and  two  layers  for
the  other  dataset.  For  fairness,  the  number  of
parameters  and  computational  complexity  of  the
baselines are comparable to our framework.

Nseg

Ntraj

K

θ = 0.6 βr = 0.3
βc = 0.3

Contrastive sample settings. In Brightkite,  and
 are  set  to  3  and  8,  respectively,  while  for  other

datasets  they  are  set  to  2  and  8.  The  dimension  of
location  representations  is  set  to  128.  We  utilize  a
contrastive  loss  function  with , ,  and

.
Training  settings. Adam  optimizer  with  an  initial

learning  rate  of  0.001  is  used  to  train  our  framework.
Dropout p = 0.5 is  applied to the outputs  of  the graph

convolution  layer.  The  loss  function  includes  node
representation and node order loss functions.

5.4　Next location recommendation

To  demonstrate  the  effectiveness  of  the  location
representations,  we  conduct  a  next  location
recommendation as the downstream task. We select an
acknowledged  framework,  SASRec[65],  as  a  backbone
network  to  fit  the  downstream  task.  The  input  of
SASRec  is  a  sequence  of  frozen  location
representations.
5.4.1　Metrics
We utilize two widely-used metrics, i.e., Hit Rate (HR)
and Normalized Discounted Cumulative Gain (NDCG)
to evaluate our framework. HR and NDCG at a cutoff k
are  denoted  as  HR@k and  NDCG@k,  respectively,
which indicates  counting the fraction of  times that  the
target location is among the top k recommendation list.
They are calculated as 

HR@k =
1
N

N∑
i=1

⊮(yi ∈ {ŷ j
i | j = 1, 2, . . . , k}) (18)

 

NDCG@k =
1
N

N∑
i=1

k∑
j=1

2⊮(yi=ŷ j
i )−1

log( j+1)
(19)

yi ŷ j
i

N
⊮(x) ∈ {0, 1}

x

where  is the ground truth, i.e., the next location,  is
the j-th location in the recommendation list  of  the i-th
instance,  and  is  the  number  of  instances.

 is an indicator function that evaluates to 1
if  is true.
5.4.2　Results and analysis
Table  2 compares  seven  baselines  and  the  proposed
framework  on  the  four  datasets  (RQ1).  The  results
prove that our framework outperforms all the baselines
in  HR@10  and  NDCG@10  on  the  next  location
recommendation. The methods are mainly divided into
three  categories:  (1)  The  sequence-based  methods
merely  consider  temporal  correlations  in  a  single
sequence, but they are not proficient in handling spatial
relations.  (2)  The  graph-based  methods  pay  more
attention to spatial correlations while ignoring temporal
information.  (3)  Our  framework  employs  graph
structure  to  capture  spatial  information  and  designs
temporal encoders for temporal information. Compared
with  sequence-based  methods,  the  performances  of
most  graph-based  methods  degrade  due  to  the  low
correlation  of  self-supervised  tasks  with  the  next
location  recommendation  task.  MaskGAE  designs  the
self-supervised task based on paths between nodes and
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captures  spatial  information  with  the  graph  structure,
which  is  beneficial  for  this  downstream  task.  AutoST
generates multi-view graphs to capture spatio-temporal
relationships  and  designs  contrastive  tasks  to  enhance
representations,  especially  the  trajectory-based  region
graph  to  integrate  temporal  information.  Thus,
MaskGAE and AutoST outperform the other baselines.
In  conclusion,  the  proposed  ST-TGCL  has  significant
results in location representation learning. The location
representations  are  useful  for  urban  tasks  in  actual
scenarios.

5.5　Case study

S
S i j

#S S i j

#S i
j S

[0, 1]

We further  give  a  case  study on MHK to verify  RQ2.
In this case, we select three locations, i.e., A, B, and C,
based  on  the  POI  category  ratio  within  500 m  of
locations.  In terms of  spatial  distance,  locations A and
B are  closer  to  each  other,  while  location C is  farther
away from locations A and B. To compare the distance
of  two  locations  in  our  common  sense  (POI  category
ratio)  and  representation  space  for  convenience,  we
design  a  metric.  First,  we  calculate  cosine  similarities
between locations and sort the similarities list . Then

the similarity metric is calculated as , where  and
 are  the  order  of  the  similarity  between  locations 

and  in  the  list  and  the  length  of  the  list ,
respectively.  This  metric  is  in ,  where  the  larger
the value, the more similar the two locations.

From Table  3,  we  observe  that:  (1)  We  select  two
locations A and C,  that  are  similar  in  our  common
sense.  Meanwhile,  the  similarity  between  the

representations  of A and C is  high.  (2) B is  different
from A and C.  Similarly, B is  far  from A and C in
representation  space. As  shown  in Fig.  4,  the  POI
category ratios of B in some categories are roughly the
same  as  those  of A and C.  We  believe B is  different
from A and C because  there  are  tourist  attractions
around B.  (3) B and C are more similar to A and B on
the POI category ratio, but the distance between A and

 

∆

Table 2    Performance  comparison  of  ST-TGCL and  other  baseline  models.  Bold  text  indicates  the  best  model  performance
and  indicate the improvement ratio that is improvement of our method over the baseline methods with the best performance.

Method
NYC TKY Brighkite

HR@10 NDCG@10 HR@10 NDCG@10 HR@10 NDCG@10

Sequence-based

POI2Vec 43.35 33.17 47.54 39.59 41.13 29.03
CTLE 40.11 30.61 46.68 36.24 41.72 30.46

CL-TSim 45.27 32.71 56.03 41.60 40.37 31.06
CoPPS 47.42 32.86 57.11 41.92 41.68 31.14

Graph-based

DGI 41.87 30.72 54.76 39.89 40.92 30.79
SUBG-CON 39.46 29.92 44.15 34.27 39.18 31.42

ST2Vec 41.04 30.13 45.20 35.16 39.02 29.41
GraphMAE 43.81 30.62 49.35 37.38 40.90 31.44
MaskGAE 49.79 34.18 58.78 42.18 41.52 28.82

AutoST 50.02 34.23 59.32 43.21 42.17 28.71
ST-TGCL 50.37 34.73 60.65 43.80 42.35 31.46
∆ (%) 0.7 1.5 2.2 1.4 0.4 0.1

 

Table 3    Similarities  among  locations A, B,  and C on  POI
category ratio and representation space on MHK.

Location
POI Representation space

A B C A B C
A − 0.625 0.967 − 0.477 0.989
B 0.625 − 0.576 0.477 − 0.758
C 0.967 0.576 − 0.989 0.758 −
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Fig. 4    POI category ratio around locations A, B, and C.
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B is closer than between B and C in the representation
space. This is because A and B are in spatial proximity,
and A is affected by the tourist attractions around B. To
sum up, the location representations that are trained by
self-supervised tasks conform to our common sense. In
addition,  location  representations  are  distinguished  for
downstream tasks.

5.6　Ablation study

This subsection describes ablation studies of ST-TGCL
on  the  recommendation  task  to  validate  the
effectiveness  of  key  components  to  answer  the  RQ3.
We  consider  the  following  variants  of  our  base
framework:

● w/o TE: We remove transfer temporal encoders.
● w/o VE: We remove visitation temporal encoders.

Lr Lr● w/o : We optimize parameters without using .
Lc Lc● w/o : We optimize parameters without using .

The  performances  of  the  variants  and  the  base
framework  are  on  two  datasets,  as  shown  in Fig.  5.
From Fig. 5, we can have the following findings:

●  The  performances  of  variants  dropping  temporal
encoders  (w/o  TE  and  w/o  VE)  degrade  due  to  the
ability  to  perceive  the  temporal  information  in  a
sequence decreasing.

Lr Lc Lr

Lc

●  and  capture different  semantics.  prefers
to learn about spatial correlation, while  learns about
temporal  correlation.  Thus,  dropping  one  of  the  self-
supervised tasks results in decreased performance.

6　Conclusion

This  paper  proposes  a  spatial-temporal  trajectory
subgraph  contrastive  learning  for  location
representation  learning.  We  generate  the  trajectory
network  to  formulate  the  trajectory  information  and
location  relation,  design  the  trajectory  graph
convolution  network  to  integrate  spatial-temporal
information  and  generate  the  representations,  and

propose  trajectory  subgraph  contrastive  learning  that
samples  contrastive  subgraphs  and  optimizes
parameters.  The  framework  learns  effective  and
generalization  location  representations  for  urban
downstream  tasks.  On  real-world  datasets,  the
proposed  approach  achieves  state-of-the-art  results  on
the  next  location  recommendation  task,  and  location
representations are verified to conform to our common
sense.
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