2024 IEEE International Conference on Data Mining (ICDM) | 979-8-3315-0668-1/24/$31.00 ©2024 IEEE | DOI: 10.1109/ICDM59182.2024.00091

2024 IEEE International Conference on Data Mining (ICDM)

Controllable Visit Trajectory
Generation with Spatiotemporal Constraints

Haowen Lin', John Krumm!, Cyrus Shahabi', Li Xiong?
!University of Southern California, USA ?Emory University, USA
{haowenli, jkrumm, shahahbi}@usc.edu, Ixiong@emory.edu

Abstract—Human mobility data, represented as sequences of
visits, are crucial for various application domains, including
transportation, urban planning, and public health. However, large-
scale human mobility data is typically inaccessible to researchers
due to the high cost of data collection and privacy concerns.
This limitation has led to several studies proposing learned
models to generate synthetic visit sequences. Despite this progress,
existing approaches lack mechanisms to control the generation
process, which prevents the incorporation of prior knowledge
and the spatiotemporal specification of certain visits. To address
these limitations, we formally define the Constraint Trajectory
Generation problem and introduce Geo-CETRA (Constraint
Enforced Trajectory Generation), a novel framework that operates
within the continuous spatiotemporal space, enabling direct
generation of geographical coordinates and durations of each visit
in a trajectory. Geo-CETRA reparameterizes the sampling space
for effective enforcement of various spatiotemporal constraints.
Furthermore, incorporating a constraint factorization approach
along with an innovative beam decoding module, Geo-CETRA
facilitates the production of high-quality synthetic trajectories
that realistically emulate human movement while satisfying
predefined spatiotemporal constraints. Experiments on real and
synthetic datasets demonstrate Geo-CETRA’s superior precision
and contextual accuracy compared to existing approaches.

Index Terms—Spatial-temporal systems, Controlled generation

I. INTRODUCTION

Human mobility data, conceptualized as trajectories (or
sequences of visits), are critical for various studies, including
transportation, urban planning, social dynamics, and epidemi-
ology [1]. However, researchers in these fields often lack
access to large-scale trajectory data due to the high cost of
collection and the privacy sensitivity of location data [2]. Recent
advances in generative Al have facilitated the development of
data-driven models that can generate large-scale and diverse
synthetic trajectories directly from real-world samples [3]-[5].
However, a significant limitation of these techniques is the lack
of control over the generation process. Control is important, for
example, to incorporate prior knowledge into the generation
process. If we know that certain trajectories typically start
from a residential area in the morning, proceed to a business
district during working hours, and return to the residential
area at night, then controlling the synthetic trajectories to
adhere to these patterns results in more realistic simulations,
reflecting feasible speeds and complying with specific personal
preferences. Alternatively, for specific downstream tasks such as
epidemiology, we may want to ensure that synthetic trajectories
pass through specific hotspots, like a concert venue, at certain

times of the day. This approach would aid policy makers in
effectively targeting interventions in specific areas.

In this paper, we focus on visit-based trajectories that capture
the sequence of locations and individual visits, such as home,
the office, and the gym [6]. Each visit is specified by its
geo-coordinates and the time range of the visit. A visit-based
trajectory consists of a few visits per person per day, making
it temporally coarse with irregular inter-arrival times, and
hence, challenging to model [7], [8]. We employ spatiotemporal
(ST) constraints as our control specification. Essentially, a
spatiotemporal constraint can be thought of as a 3D cube that
defines the valid ranges for a visit in terms of latitude, longitude,
and time. The generation of visit-based synthetic trajectories
should take these spatiotemporal constraints as input and
produce synthetic trajectories that are learned from previously
provided training data and adhere to these constraints.

Imposing spatiotemporal constraint into trajectory generation
is challenging. A common approach for achieving constrained
generation involves collecting task-specific examples and
introducing additional input signals or conditioning information
into the model during the training or fine-tuning stages. This
method is prevalent in many natural language processing
(NLP) applications, ensuring that generated text adheres to
specific requirements for style and tone [9], [10]. However,
this approach often fails to follow fine-grained constraints (e.g.,
enforcing a specific word in neural text generation or following
spatiotemporal constraints in our task), even with large training
datasets [11] since they do not guarantee the enforcement of the
desired constraints. Another potential approach to circumvent
this problem is to optimize the generator in an unconstrained
manner and then post-process the generated trajectories by
filtering out trajectories that are not valid or deliberately
change the results to satisfy constaints [12]. However, this
method can be limited because trajectories inherently exhibit
complex and irregular characteristics of moving patterns, with
each data point existing in continuous time and space. This
makes it highly unlikely for a trajectory in the unconstrained
space to satisfy different spatiotemporal control, rendering
post-processing methods both inefficient and ineffective.

To address these challenges, we propose Geo-CETRA
(Constraint Enforced Trajectory Generation), a general frame-
work that can generate high-quality synthetic trajectories
in continuous space-time while effectively enforcing given
spatiotemporal constraints by reparameterizing the sampling
space itself and controlling the decoding of the generation
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process. Specifically, we first show how different constraints can
be factorized and interpreted for the model design. Secondly, we
propose a novel constrained spatiotemporal generation model
that extracts knowledge from continuous space and time. The
model reflects real-world moving patterns more accurately with
a temporal and spatial encoder using random Fourier features,
and it explicitly enforces constraints using reparameterization.
Finally, we design a new decoding module to control the
generation process and further improve the final performance.
The major contributions of this work can be summarized as:

o To the best of our knowledge, we are the first to formally
formulate and define the problem of constrained trajectory
generation with continuous spatiotemporal constraints and
generate trajectories in a continuous spatiotemporal space.

o We present our Geo-CETRA model, which learns from
the inherent complex and continuous spatial and temporal
patterns and produces high-dimensional spatiotemporal
representations to support generating realistic trajectories
with constraints.

o We evaluate our Geo-CETRA on two datasets. The experi-
mental results demonstrate that Geo-CETRA outperforms
other state-of-the-art methods.

II. PROBLEM DEFINITION

Definition 1. Visit-based trajectory A visit-based trajectory is
defined as 7 = {(t;,1;)}}~,, where t; € RT is the timestamp,
I; € RY denotes the spatial location associated with each
timestamp, and L is the total number of spatiotemporal points.
Each spatial location corresponds to a two-dimensional latitude-
longitude coordinate such that I; = (x;, y;).

Problem 1 (Constrained trajectory generation). Given a real-
world trajectory dataset where each trajectory is subject to
a distinct spatiotemporal constraint C(1), the objective is to
develop a model that captures the spatiotemporal patterns
p(T) and generate new trajectories that can retain the key
characteristics of the original dataset, which can be formulated
as:

maximize log p(7) (1)

subject to C(7)

Trajectory models rely on an auto-regressive factorization to
perform likelihood estimation and generation of trajectories,
which is defined as follows:

po(T) = Hpe((ti7li)‘(tj<7;,lj<i)) (@)

Definition 2. Spatiotemporal constraint In this study, we focus
on spatiotemporal constraints such that the trajectory 7 must
go through location I within a confined area A C R? during
a certain time frame [t5,t.], i.e. the traveler is known to arrive
within A at time t¢ € [ts, t.] which denote the starting time
and the ending time of the constrained time frame. We assume
A defines a rectangular region {l = (z,y)|zs <z < xc,ys <

y < y}. We therefore reformulate the original optimization
problem under the constraint to be:

maximize logp(T) (3)
subject to  (t¢,lo) € 7,
tC 6 [ts; te]a

lce{l=(2,9)|rs <2 <2e,ys <Y < Yo}
III. METHODS

In this section, we detail our Geo-CETRA for constrainted
trajectory generation. The architecture is shown in Figure 1.

A. Constraint Factorization

Since the auto-regressive trajectory generation model needs
to iteratively sample the next point based on the distribution
conditioned on the past trajectory, it is necessary to decouple the
spatiotemporal (ST) constraint for each step when evaluating
if a generation hypothesis satisfies the constraint C'(7) during
generation. For a given ST constraint for each trajectory 7, the
result after constraint factorization is a set of valid ST con-
straints at each i-th step of trajectory (i.e., C = {Cy,Cy, ...}).
The generated visit-level constraints will be incorporated as
input in Section III-C to define the constrained sampling space.
At the generation stage, we first sample ¢¢ from a prior index
distribution pc where p¢(7) determines how likely the i-th visit
point falls into the constrained time frame defined in C'(7), i.e.
¢ is the constrained index (i = i¢). With no observed trajectory
dataset, the index distribution would be a uniform distribution,
ie., P(ic|C) =1/L over ic € {1,..., L}. With the observed
trajectory dataset 7, the index distribution p¢ is calculated as
below:

22

TET (t;,l;)€T

)OIEDY

TET (t;,l5)er

(Lgj=ic) L, elee tely]
P(iC|Ca T) =

(€
Lt efta ey

where time frame [ts,t.] is used to define the temporal
constraint within C(7), and 1.y is the indicator function.

After identifying the index of the visits with specified
location and time constraints in C'(7), we define the constrained
time and space for other points in the generated trajectory in
Algorithm 1. Specifically, we iterate over each step of the
trajectory, ensuring that visits prior to the ¢¢-th arrive before
ts (line 2-4). For the visit at the ic-th step, we establish a
temporal boundary, requiring the ic-th point to arrive between
ts and t., with its geo-coordinate within a constrained spatial
range (line 5). For visits following the i--th, no further spatial
or temporal constraints are set (line 6-8). Practically, for points
without specific constraints, we apply a minimal and maximal
time duration, AT, and AT ,.x, and spatial boundaries, Xn,
Xinaxs Ymin and Y.« (defined as the boundary of the trajectories
in the study area), to prevent numerical errors and wildly
unrealistic results.
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Algorithm 1: Constraint Factorization

Input: ST constraint C' = {ts,te, s, Te, Ys, Ye }; Index
distribution pc; Minimal and maximal time
duration AT in, AT max; Minimal and maximal
spatial boundary Xyin, Xmax> Ymin, Ymax-

Output: Factorized constraint for each spatiotemporal

point C; = {Atis, Atie, Tis, Tie, Yis Yie )
i=1,...,L
1 Sample the constrained index ic ~ po
fori+—1,...,ic —1do
Ci = {ATmina s Zl ! At]7 Xmlm Xmax, Ymms
Ymax}
end
Cio = {ts = X107 Aty 1.
Ye}
for i <— ic+1,... do

‘ Cl = {ATmina ATmax, Xmins Xmax’ Ymin’ Ymax}

end

ic—1
- Z Atja xsa fLe, ’U&

B. Spatiotemporal Encoder

In this section, we introduce the details of our constrained
ST generation model design which first employs a temporal
encoder, a Fourier-based location encoder, and a multi-layer
transformer.

Temporal Encoder. Extracting temporal features from visit-
based trajectories is challenging due to their inherently irregular
and asynchronous visiting patterns. To preserve the uneven
temporal information of inputs (i.e., timestamps) [13], we utilize
a deterministic trigonometric temporal encoding function which
is analogous to the positional encoding method proposed in
[14] and is defined as following:

cos < t11 ) if 7 is odd,
[ (t:)]; = M )
sin [ -4 > if j is even.
A He

where [h(t;)]; is the j-th element of the i-th row of the
temporal embedding matrix h; € RE*He 5 € {1, ..., H;}, and
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The workflow of our proposed Geo-CETRA framework.

A is a hyperparameter that controls the scaling.

Spatial Encoder. Similar to temporal embedding, encoding
geo-coordinates into a high-dimensional representation while
preserving useful spatial information is a challenging task.
Instead of employing a linear projection, which can result
in spectral bias as the linear layer only approximates low-
frequency functions and fails to capture high-frequency details
from low-dimensional inputs [15], we apply a Fourier-based
location encoder to ly.;, to capture rich high-frequency details
from low-dimensional GPS inputs [16]. Specifically, we lever-
age random Fourier features (RFFs) for this positional encoding.
We construct an encoding layer that determines the range of
frequencies to be encoded and set the frequencies using a fixed
matrix R, whose entries are sampled from a normal distribution
with standard deviation o. The matrix R is determined at
the beginning of training and remains unchanged throughout
the training and generation process. The RFF operation (-)
encodes GPS coordinate 1.7, as

hi(l;) = v(l;) = concat(cos(2w Rl;), sin(2w RL;))  (6)

where hy(l;) is the i-th row of the spatial embedding matrix
h; € REXHi and the entries of the m-th row and n-th column
of matrix R are sampled from the normal distribution: R,,, ,, ~
N(0,0).

Transformer Encoder. The transformer encoder [14] has
been widely employed to learn spatiotemporal patterns from
trajectories [17], [18]. To capture sequential visits with complex
spatiotemporal contexts, we first derive dense spatiotemporal
representation Z € RE*(Hi+H1) yia concatenating the temporal
and spatial embedding matrices:

Z = concat(hy, hy) @)

After the initial encoding and embedding layers, we pass Z
through a multi-head self-attention (MSA) module. Specifically,
we compute the self-attention head output h 4 by:

Q=2Wq,K =2ZWgk,V =ZWy,

QKT ) ®)
hs = softmax [ ——— | x V,
4 (VHt+Hl
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where ), K, and V are the query, key, and value ma-
trices obtained by different transformations of Z, and
Wqo € RUELHH)xHe 1y ¢ RHEAH)XHK and Wy €
RF+HH)XHv are learnable weight matrices for the linear
transformations, respectively.

The MSA operation involves running multiple parallel self-
attention heads to obtain a comprehensive representation of
the past trajectory. The outputs of all attention heads are then
concatenated and projected using a learnable weight matrix
Wy € RTXH o get the final encoding matrix h € RY¥H:

XWH

_H
h = concat(h{, R{P, ... hffv)) )

C. Modeling p(t) with Reparameterization

In this section, our objective is to model the trajectory
distribution p(7) using the embedding h derived from past tra-
jectories and define the probability distribution by transforming
it into a continuous constrained spatiotemporal space utilizing
the visit-level constraint extracted from Section III-A.

Inter-visit Time Distribution Reparameterization. The
distribution of one-dimensional inter-visit time is modeled
using a mixture of log-normal distributions, which has proven
to be effective for irregular temporal density estimation [19].
It is important to note that the encoding vector h; € R
serves as a summary of past history and acts as the condition
for predicting the next visit. To generate the i-th visit, the
i — 1-th point of the encoding matrix h is processed through
a Multilayer Perceptron (MLP) layer, which then outputs a
set of means, standard deviations, and weights that define a
Gaussian mixture model (GMM):

(fet;,1:M5 Ot; 1:M, Wiy 1:0) = MLP;(h;) (10)

where the Gaussian mixture model is defined as:

(2

2t — Nt,m)

2
Z 1V 27Tgt m P ( 20’?,771 > (11)

The unconstrained latent time variable z;, can be sampled from
the Gaussian mixture model

(12)

Next, the latent time variable is mapped to the desired constraint
range through the following set of differentiable transformation
functions.

Zt; ™~ gt(ﬂt,,l:]\laUt,;,l:Mth;,.,le)

uy, = sigmoid(exp(zy,)) (13)

Atl = (2 . uti — 1) . (Atie — Atlg) -+ Atlg (14)

where At;, and At;. are temporal components defined within
the factorized constraint C; obtained using Algorithm 1,
ensuring that sampled timestamps always fall within the desired
range.

Spatial Distribution Reparameterization. Similar to tem-
poral distribution modeling, for spatial distribution, we adopt
the 2-D Gaussian mixture model with a MLP layer:
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Fig. 2. Tllustration of the beam decoding procedure. In this example, B = 2

(a;,1:005 X1, 1:00, Wi, 1:0) = MLPy(hy) (15)
where the Gaussian mixture model is defined as:
g i Wm (21— ) "2 (20— Ham)
= X — ’
o e 8 2
(16)
z1, ~ Gu(pa, 100, X0, 0:05 Wi 1) a7

In a similar manner, the constrained spatial distribution can
be mapped from the unconstrained GMM distribution through
differentiable transformations including a sigmoid and an affine
operator as follows:

uy, = sigmoid(zy,) (18)
z = [ug |1 (Tie — Tis) + Tisy Yi = [ug;]2 - (Yie — Yis) + Yis
(19)

where x;s, Tie, Yis, and y;. are spatial components defined
within the factorized constraint C;.

D. Generation

During generation, each trajectory in Geo-CETRA follows a
spatiotemporal constraint. Since optimizing p(7) in continuous
space-time is computationally expensive, we use a beam search
inspired by text generation to improve generation quality. As
shown in Fig 2, we sample K different ¢ values from the
constrained index distribution and apply a beam width of
B within each group. For each ic, the model samples B
candidate visits at each timestamp, ranking them based on
the sum of temporal and spatial log-likelihoods. We select the
top-B candidates and use Monte Carlo sampling to repeat this
process K times. The final trajectory is chosen as the candidate
with the highest likelihood from each group (red in Fig 2).
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IV. EXPERIMENTS
A. Dataset and Preparation

We evaluate the performance of our proposed model using
two datasets, the Houston and MobilitySim datasets. The
Houston dataset is sampled from Veraset !, which provides
movement data collected through GPS signals from approxi-
mately 10% of cell phones across the US. The MobilitySim
is a realistic simulation of 10,000 agents performing daily
activities in US for a week. each trajectory contains four
primary data fields: an anonymous user ID, latitude, longitude,
and a timestamp for a handful of visits per day. For each
real trajectory, we generate spatiotemporal constraints by
randomly selecting a visit along the trajectory, and then
create a constrained time window and spatial range that only
encompasses the selected point. This method ensures that the
spatiotemporal constraints match the real data distribution and
incorporate realistic human mobility information.

B. Baseline Methods

We compare the performance of our model with the following
state-of-the-art baselines, including MCpirst-order [20] Which
defines all visited locations as states and builds a transition
matrix to capture the next transition probabilities between
them. GRUpeqa [21] a type of recurrent neural network (RNN)
architecture commonly used as a baseline in various sequential
data analysis tasks. Transformergecoger [22] Transformer is
a powerful deep-learning model commonly used in various
NLP and computer vision tasks. Transformeryag [14], [23] A
variational autoencoder (VAE)-based generative model where
the encoder and decoder are designed with the Transformer
architecture. TrajGAN [24] is a CNN-based structure within a
GAN framework. It converts the trajectories into 2D matrices
where the value of each cell contains information about the
time and duration of visiting that cell in the given trajectory.
MoveSim [25] adopts SeqGAN, a sequence generative adver-
sarial network and reinforcement learning to generate the next
location based on past states.

C. Evaluation Metrics

We adopt the following 5 evaluation metrics commonly used
in prior research to evaluate the quality of generated data for
statistical similarity [5], [25]: Length, Cum Distance, Move
Distance, Radius and P(r1,72). We use the Jensen—Shannon
divergence (JSD) to measure the similarity between the mobility
pattern distributions of generated trajectory and real-world
trajectory data. Lower JSD indicates a better generation result.

D. Overall Performance

The performance of our Geo-CETRA and baseline methods
on the Houston and MobilitySim datasets is detailed in Table
I. Our model not only achieves the best performance across
almost most usability metrics but is also the only model capable
of integrating and enforcing spatiotemporal constraints. For a
fair comparison, we also report the performance of our model

Uhttps://www.veraset.com/about-veraset

without constraints in Table I. The evaluation shows that it
outperforms all baselines in nearly all metrics on both datasets,
highlighting the importance of capturing irregularly timed
visits in continuous time and space. Finally, all baselines can
only handle discrete trajectory data, which fails to accurately
model real-world trajectories with irregular movement patterns.
Furthermore, it is important to note that even though our method
adheres to constraints, while the others do not, our method
most often outperforms the others. With realistic constraints
enforced, Geo-CETRA onstraine achieves superior performance,
with up to 26% improvement in distance metrics even compared
to our unconstrained model, demonstrating the effectiveness
of our approach in generating realistic trajectories.

V. RELATED WORK

The problem of trajectory generation has a long history.
Traditional methods simulate human movement using physical
parameters from surveys and sensors (e.g., propensity to travel
or not), but these require extensive programming efforts [26].
The current emerging trend for trajectory generation is to
apply deep generative models to learn the latent representation
of trajectories directly from the data. one type of this work
converts location traces into two-dimensional images and uses
CNN-based GANs for generation [24]. Another approach
applies the GAN structure and integrates prior knowledge
of the urban structure and the pre-defined mobility regularities
of spatial continuity and temporal periodicity to generate
realistic trajectories [25]. Despite the progress, there are still
two main limitations existing in current approaches. First,
prior research on trajectory generation often projects GPS
coordinates onto discrete geographical grids and time intervals,
while in reality, each spatiotemporal point exists in continuous
time and space. Recent works demonstrate that modeling
trajectories in a continuous space can more accurately model
real-world trajectories with irregular moving patterns [8].
Second, the generation frameworks that generalize to arbitrary
spatiotemporal constraints are seriously under-explored yet
imperative. A recent study by [27] also addresses the problem
of constraint trajectory generation, but our work differs in key
aspects. In [27], the constraints are defined as a set of known
visits that the synthetic trajectory must pass through, whereas
we define constraints as spatiotemporal ranges the trajectory
must satisfy. Moreover, [27] discretizes space into grid cells
to build a “vocabulary” to fill in the visits between these
fixed points using a language-model-inspired approach, while
our method operates directly in a continuous spatiotemporal
space, aligning with our flexible constraint definition. Therefore,
our proposed framework address the above two challenges
and generates high-quality synthetic trajectories in continuous
space while effectively enforcing the satisfaction of given
spatiotemporal constraints.

VI. CONCLUSION

Modeling human movement is key to many applications,
and spatiotemporal constraints are essential for generating
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Dataset Model Length |  Cum Distance |  Move Distance |  Radius |  P(r1,r2) |  Constraint Satisfied
(JSD) (JSD) (JSD) (JSD) (MSE)
MCFirst-Order 0.3256 0.2386 0.2078 0.1388 0.0418 X
GRUjeq 0.0497 0.1225 0.1420 0.0126 0.0788 X
Transformergecoder 0.0554 0.1883 0.1905 0.0987 0.0798 X
Houston Transformeryag 0.4931 0.5991 0.3013 0.1510 0.1188 X
TrajGAN 0.2532 0.3726 0.2499 0.1329 0.0933 X
MoveSim 0.0758 0.1657 0.1502 0.0152 0.0657 X
Geo-CETRA  constraint 0.0390 0.1242 0.1392 0.0141 0.0501 X
Geo-CETRA constraint 0.0402 0.1126 0.1021 0.0107 0.0502 v
MClFirst-Order 0.2352 0.1511 0.1941 0.0180 0.0401 X
GRUpreq 0.0677 0.0803 0.1541 0.0122 0.0595 X
Transformergecoder 0.1326 0.1299 0.1564 0.0526 0.0649 X
MobilitySim  Transformeryag 0.3006 0.2270 0.1952 0.0711 0.1050 X
TrajGAN 0.2037 0.1321 0.1488 0.0419 0.0867 X
MoveSim 0.0853 0.1234 0.1594 0.0132 0.0544 X
Geo-CETRA 6 constraint 0.0452 0.0885 0.1341 0.0125 0.0479 X
Geo-CETRA constraint 0.0426 0.0673 0.1016 0.0120 0.0431 v
TABLE 1

PERFORMANCE COMPARISON OF OUR MODEL AND BASELINES ON TWO MOBILITY DATASETS, WHERE THE LOWER VALUE INDICATES BETTER
PERFORMANCE. BOLD DENOTES THE BEST(LOWEST) RESULTS AND THE UNDERLINE DENOTES THE SECOND-BEST RESULTS.

realistic synthetic trajectories. In this paper, we introduce Geo-
CETRA, a framework that generates high-quality trajectories
in continuous space-time while enforcing these constraints.
This model employs a temporal and spatial encoder with
random Fourier features and enforces constraints by reparame-
terizing the distribution. We also developed a new decoding
module to refine control over the generation and enhance
overall performance. Extensive experiments demonstrate the
superior performance of our framework in generating synthetic
trajectories.
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