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ABSTRACT

Generating realistic human mobility trajectories is essential for applications in
urban analytics, transportation planning, and privacy-preserving data sharing. Eval-
uating the quality of synthetic data remains challenging. This study introduces a
feature-based evaluation framework that characterizes trajectories through a unified
set of statistical, geometric, and temporal descriptors. The framework is applied to
benchmark GAN- and diffusion-based generative models using three real-world urban
datasets with distinct spatial structures. Region-specific fine-tuning enhances realism,
while persistent discrepancies in multi-scale entropy coefficients reveal challenges in
modeling transitions between dwell and trip states. Incorporating road network infor-
mation after generation provides limited benefit, suggesting that spatial constraints
should be embedded during training. These findings highlight the influence of trajec-
tory length, data quality, and explicit state modeling on generative performance. The
study establishes a transparent feature-based approach connecting generative model-
ing and mobility analysis, supporting the creation of synthetic agents for data-driven
urban design and policy evaluation.
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Chapter 1

Introduction

Human trajectories provide critical insights for urban planning, traffic management,
and epidemic modeling, among many other domains [5]. Traditional data sources
such as census records or travel surveys offer coarse-grained visit insights [38, 56], but
the widespread adoption of smartphones has enabled the collection of high-resolution,
large-scale GPS trajectories [79, 81]. The direct use of real trajectory data is con-
strained by privacy concerns [18, 16], creating barriers for open data sharing, large-
scale benchmarking and deep learning based AI training. In a large mobile phone
dataset, just four randomly chosen space-time points (with hourly time granularity
and spatial resolution of the phone carrier’s antennas) are sufficient to uniquely iden-
tify 95% of individuals [44]. Even after coarsening or aggregating the data spatially
or temporally, the anonymity gained is limited: uniqueness decays only slowly as ap-
proximately according to the 1/10th power of resolution [44]. Mobility traces, even
when anonymized, can leak sensitive information such as home or work location,
frequently visited places, or participant presence at sensitive sites [41]. Synthetic
trajectory generation, where the statistical and behavioral properties of real-world
mobility traces are preserved while individual traces are obscured, has been proposed
as a solution to this impact [40, 45, 52]. Synthetic data also offers advantages such as
controllability, reproducibility, and easier distribution, making it an attractive alter-
native for both methodological research and downstream applications [62]. To create
synthetic mobility traces or trajectories, it is necessary to have both the ability to
assess the quality of the trajectories against baseline data (where closer is better) and
the ability to ensure the privacy independence of the synthetic trajectories (where fur-
ther is better). Although numerous generative models have been proposed—ranging
from mechanistic approaches [61, 47, 33] to deep learning architectures [24, 52, 77]
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and, more recently, large language model–based methods [60, 68]—a fundamental
challenge remains: there is no general standard for evaluating whether synthetic
trajectories preserve the spatiotemporal structure of the data they are based on.
Existing practices often rely on similarity metrics such as Dynamic Time Warping,
DTW [6], sequence-matching scores like GeoBLEU [58], or distributional distances
such as the Wasserstein distance [54]. These measures capture limited aspects of
trajectory behavior and fail to account for broader mobility patterns. Most of these
metrics were originally designed for trajectory prediction tasks—where the goal is
to predict the next N steps based on historical behavior—rather than for synthetic
trajectory generation, which aims to reproduce the full distribution of plausible tra-
jectories. For instance, in a series of human mobility challenge competitions hosted
by ACM SIGSPATIAL[1], DTW and GeoBLEU have been widely used as bench-
mark metrics for prediction tasks. Crucially these measures evaluate the trajectory
quality by how closely the generated trajectories match the training data, potentially
embedding training data in the model, compromising privacy. For synthetic trajec-
tory generation tasks, a recent Survey-of-Knowledge (SoK) study [9] highlighted a
fundamental gap in evaluating the utility of privacy-preserving generative models.
The authors proposed five design goals for trajectory publication mechanisms, among
which Goal 4, Utility, emphasizes assessing how well released trajectories support
downstream analytical tasks without compromising privacy. The study found that
no existing evaluation framework adequately measures whether generative models
preserve mobility-relevant properties of trajectories. Because the goal of synthetic
trajectory generation is to simulate realistic movement behaviors rather than repro-
duce exact trajectories—traditional distance- or sequence-based metrics are of limit
and utilities. A more generalizable, distribution-level evaluation framework capable
of capturing the higher-order spatiotemporal structure of human mobility is required
to meet this challenge.

To address this gap, I revisit the feature-based framework Representative Fea-
tures of Geospatial Mobility (ReFGeM) [76], which was originally proposed as a rep-
resentative set of mobility descriptors rather than a synthetic data evaluation tool. I
propose that these features—capturing spatial coverage (convex hull, buffer area), ge-
ometric complexity (fractal dimension), and temporal regularity (entropy rate)—are
well-suited for assessing population level realism of synthetic trajectories. We employ
ReFGeM to analyze a set of recent trajectory generation models, including Noise-
TrajGAN (NTG) [9], GeoPointGAN [17], and DiffTraj [83], and find that, despite
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methodological advances, their generated trajectories still diverge from real-world
mobility as measured using ReFGeM.

Because traces cannot be used without compromising privacy, few public datasets
are available for training and testing. The most widely used public dataset, Ge-
olife [80], provides individual-level GPS trajectories but suffers from data sparsity
and irregular sampling [3]. Another commonly referenced source, the Foursquare
dataset [72], contains point-of-interest (POI) check-ins rather than continuous move-
ment traces, which cannot be directly treated as mobility trajectories, as users typi-
cally check in only at locations they find interesting — often omitting long stationary
periods such as time spent at home or work. YJMob100K dataset [71] offers large-
scale human mobility data with an aggregation based privacy-preserving mechanisms.
To ensure anonymity, trajectories are aggregated into 500 m × 500 m spatial grids
and recorded at 30-minute intervals. While this relatively coarse spatial–temporal
granularity enables the study of broad urban mobility trends, it limits the ability to
capture fine-grained visit sequences or individual-level behavioral regularities. Other
trajectory datasets represent vehicular movement rather than human mobility, such
as taxi trajectories in Beijing [73] and Roma [7], or bus routes in Rio de Janeiro [19].
Although these datasets are valuable for modeling traffic flow and transportation dy-
namics, they do not accurately reflect individual human movement patterns, because
each vehicle may serve multiple passengers across different trips.

In this study, I employ high-quality private human trajectory datasets, Interact-
VIC and Interact-MTL, collected in Victoria and Montreal, Canada, each covering
ten consecutive days at a one-second GPS recording interval [36]. These datasets allow
us to train variants of the best-performing generative model, DiffTraj, from scratch
on Interact-VIC and Interact-MTL, to fine-tune the original Geolife-pretrained model
separately for each city, and to train a combined model using trajectories from Geo-
life (Beijing), Victoria, and Montreal to examine cross-city transferability. To assess
model performance, I apply the ReFGeM framework in combination with statisti-
cal analyses, demonstrating that it provides consistent and interpretable indicators
of generative quality. This design allows us to compare training-from-scratch, fine-
tuning, and multi-city training regimes under a unified evaluation framework. I ar-
gue that this analysis demonstrates how ReFGeM helps address the Goal 4 (Utility)
challenge identified in [9], by establishing both the usability and practical value of
synthetic trajectory evaluation. Based on this analysis, I show that:

• Existing generative models show limitations in producing useful trajectories,
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particularly in separating and switching between dwells and trips.

• Cross-city transfer is feasible. Models trained on data from multiple cities ex-
hibit stable performance across different urban contexts, indicating that expo-
sure to diverse mobility patterns helps establish a strong foundation for gener-
alization.

• ReFGeM provides interpretable evaluation for trajectory generation scenarios
without one-to-one ground-truth pairs, offering feature-level diagnostics that
support analysis across model comparisons and varied training regimes.

• The current state of the art generators produce trips that are too short to
capture many important behaviors.

Agenda

Chapter 1 introduces the research motivation and problem setting. It discusses
the limitations of existing evaluation metrics and the scarcity of public mobility
datasets, and provides an overview of the results and the structure of the thesis.

Chapter 2 presents the background required for this work, including the ReFGeM
feature set and the Jensen–Shannon divergence score used for trajectory evalu-
ation.

Chapter 3 reviews related work on trajectory generation models and trajectory eval-
uation methods, with a focus on GAN-based and diffusion-based approaches.

Chapter 4 describes the experimental setup in detail. This chapter covers the
datasets, data preprocessing procedures, trajectory generation models, cross-
city training and model adaptation strategies, post-processing steps, and the
experimental environment.

Chapter 5 presents the experimental results, including comparisons across different
trajectory generation models and an evaluation of cross-city transfer perfor-
mance.

Chapter 6 presents early-stage exploratory experiments on GeoLife and Victoria
datasets using limited trajectory generation models, providing preliminary in-
sights into trajectory segmentation and road network integration.
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Chapter 7 discusses the results presented in Chapter 5, highlighting key observa-
tions, limitations of the proposed approach, and directions for future work, and
provides a concluding summary of the thesis.

Appendix A provides additional supporting materials, including details on post-
processing, ReFGeM feature distribution plots, model training parameters, and
supplementary experiments.
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Chapter 2

Background

2.1 ReFGeM Feature Set

The main feature set is based on the work of [76], where the authors proposed a
standardized set of Representative Features of Geospatial Mobility (ReFGeM) for
characterizing population spatial behavior. In this thesis, I extend the application of
a subset of these features to the evaluation of synthetic trajectories. One feature is
excluded in our analysis: the convex hull comprising the ten locations with the longest
dwell times (CH10). This is because the trajectories in our study are of short duration,
whereas CH10 is derived from trajectories spanning at least one week, making it
unsuitable for our context. The features employed in this work are described below.

2.1.1 Convex Hull Area

In computational geometry, the convex hull of a set of points is defined as the smallest
convex polygon (or polyhedron in higher dimensions) that contains all the points.
Given a set of points P = {p1, p2, . . . , pn} in Rd, the convex hull CH(P ) is the set of
all convex combinations of points in P :

CH(P ) =

{
n∑

i=1

λipi

∣∣∣∣∣ λi ≥ 0,
n∑

i=1

λi = 1

}
.

Convex hulls have been adopted in trajectory research as geometric descriptors
to summarize the spatial extent and structural properties of movement paths. For
instance, convex hulls have been applied to identify critical geometric points along
individual trajectories, such as turning and curvature points, which can serve as a
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basis for trajectory similarity analysis [31]. At the population level, convex hull areas
have been used to quantify the spatial extent of mobility modules and to investigate
how module size scales with distance from home, revealing universal patterns of spatial
expansion in human mobility across urban scales [82]. These studies illustrate that
convex hulls provide informative local and global geometric features for analyzing
movement patterns and spatial behavior.

2.1.2 Buffer Area

A buffer area refers to a zone of specified distance around a geographic feature, such
as a point, line, or polygon. Given a spatial object O and a distance d, the buffer
area B(O, d) is defined as the set of all locations whose distance to O is less than or
equal to d:

B(O, d) = {x ∈ R2 | dist(x,O) ≤ d}.

Buffer areas are widely used to model spatial proximity, accessibility, and interaction
regions. In mobility studies, they can represent zones of potential activity around
locations of interest, such as the area reachable from a dwell point within a certain ra-
dius or the region surrounding transportation nodes for accessibility analysis [46, 74].
They are also commonly used in trajectory evaluation to account for GPS noise or to
define flexible spatial constraints when comparing real and synthetic trajectories, es-
pecially when extracting activity spaces from GPS tracks [51]. By aggregating points
or trajectories within buffer areas, researchers can quantify spatial coverage, local
density, or visitation patterns, providing a practical and computationally efficient
way to characterize movement behavior.

2.1.3 Fractal Dimension

The fractal dimension is a metric that quantifies the geometric complexity or space-
filling capacity of an object or trajectory. A higher fractal dimension indicates greater
tortuosity or complexity in the path, whereas a lower fractal dimension corresponds to
simpler, more linear trajectories. For example, a straight line has a fractal dimension
of 1, a plane has dimension 2, and a classic hexagonal fractal (“hexflake”) has a
dimension of approximately 1.7712 [42].

One common estimation method is the box-counting approach. Let a spatial
object (e.g., a trajectory) be covered with a grid of boxes of side length ϵ, and let
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N(ϵ) be the number of boxes that contain at least part of the object. The box-counting
fractal dimension D is then defined as:

D = lim
ϵ→0

logN(ϵ)

log(1/ϵ)
.

In human mobility and trajectory analysis, D provides a quantitative measure of
the spatial complexity of movement paths. Trajectories with frequent turns, loops, or
extensive spatial coverage yield higher fractal dimensions, whereas straight or min-
imally tortuous paths have smaller D values. The fractal dimension can be com-
puted for individual trajectories or aggregated at the population level to quantify the
space-filling and complexity properties of movement paths and spatial flows [29, 11].

2.1.4 Multi-scale Entropy Rate Constants (C1–C5)

The entropy rate measures the average uncertainty or unpredictability of a stochastic
process and can be used to characterize the predictability of human trajectories [61].
In mobility analysis, it quantifies the regularity of an individual’s movement patterns:
a high entropy rate indicates less predictable, more diverse mobility, while a low
entropy rate corresponds to regular, predictable trajectories.

To compute entropy rate for trajectories, the space can be discretized into grid
cells, converting each trajectory into a string of labels corresponding to visited cells.
The entropy rate of this string can then be approximated using data compression
techniques, such as the Lempel-Ziv 78 (LZ78) algorithm. The LZ-derived entropy
rate H of a string S of length L is defined as:

H = lim
L→∞

1

L

L−1∑
i=0

Λi lnL , (2.1)

where i indexes characters in the string and Λi denotes the length of the shortest
substring starting at position i that has not appeared previously in the string. This
method provides a practical and widely used approach to estimate the entropy rate
of real and synthetic trajectories. However, the estimated entropy rate is sensitive
to the spatial and temporal resolutions used during trajectory discretization. To
address this, Paul et al. [48] proposed a multi-scale extension that defines a sampling-
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dependent entropy rate: :

H(d, T ) =
logL

d2 C1

4T 2L
+ C2

4T 2L
+ 2d C3

4T 2L
+ d C4

TL
+ C5

TL

, (2.2)

where

C1 =
n∑

i=1

1

v∗2i
, C2 =

n∑
i=1

t2di , C3 =
n∑

i=1

tdi
v∗i

, C4 =
n∑

i=1

1

v∗i
, C5 =

n∑
i=1

tdi .

Here, v∗i is the apparent speed across the i-th spatial cell, tdi is the total dwell time
within that cell (with side length d), and T denotes the temporal sampling rate.
Following the interpretation in [76]: C1 corresponds to the inverse squared velocity; C2

to the squared dwell time; C3 to the ratio of dwell time to velocity (inverse distance);
C4 to velocity; and C5 to dwell time.

2.2 Jensen Shannon Divergence Score

The Jensen–Shannon (JS) divergence is a symmetric and bounded measure of sim-
ilarity between two probability distributions [39]. Given two discrete probability
distributions P and Q, the JS divergence is defined as

JSD(P ∥Q) =
1

2
KL

(
P ∥M

)
+

1

2
KL

(
Q ∥M

)
,

where M = 1
2
(P + Q) and KL(·, |, ·) denotes the Kullback–Leibler divergence [37].

Unlike the KL divergence, the JS divergence is symmetric and always finite, making
it suitable for practical comparisons between empirical distributions. In generative
modeling, JS divergence has been widely used as an objective for comparing synthetic
with real distributions, for example in the theoretical interpretation of generative ad-
versarial networks [23] and multimodal generative learning [64]. Variants and estima-
tors of JS divergence have also been proposed that extend its applicability in machine
learning tasks such as two–sample testing and distribution shift detection [32].

In this thesis, the Jensen–Shannon divergence is employed to evaluate the simi-
larity between real test trajectories and synthetic trajectories generated by multiple
trajectory generation models. Specifically, features are first extracted from both real
and synthetic trajectories using the ReFGeM representation, which encodes relevant
spatial-temporal and semantic information. For each feature, the empirical proba-
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bility distributions are computed over the test set and the corresponding synthetic
trajectories. The JS divergence is then calculated independently for each feature,
providing a quantitative measure of how closely the synthetic data matches the sta-
tistical properties of the real data. This feature-level evaluation enables a detailed
comparison across different generative models, highlighting strengths and limitations
in capturing specific trajectory patterns. Lower JS divergence values correspond to
smaller differences between the distributions of synthetic and real trajectories, which
is critical for downstream applications such as trajectory prediction, mobility pattern
analysis, and urban planning simulations.
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Chapter 3

Related Work

3.1 Data Foundations for Mobility Modeling

The evolution of human mobility modeling has been linked to the availability, granu-
larity, and volume of temporal-spatial data. As data acquisition methods have shifted
from manual surveys to automated sensing, the resolution of observable mobility pat-
terns has improved, necessitating complex modeling techniques. However, this in-
crease in resolution has been accompanied by escalating privacy risks, motivating the
need for synthetic trajectory generation.

Traditional Approaches and Indirect Proxies Early mobility research pri-
marily relied on travel diaries, census data, tax revenue data and household sur-
veys [38, 56]. While these sources provide high-quality semantic information regard-
ing trip purposes and demographics, they suffer from high collection costs, limited
sample sizes, and low temporal updates [65]. Such data are typically static and coarse-
grained, making them suitable for estimating Origin-Destination (OD) matrices but
insufficient for modeling continuous, time-varying trajectory dynamics. Alternative
proxies like currency bill circulation [8] have been explored, though their utility is
constrained by the inability to trace consistent individual trajectories, as bills fre-
quently change hands. Similarly, CCTV camera footprints [70] provide insights into
flow but face challenges in continuity and spatial coverage.

Call Detail Records (CDRs) The widespread adoption of mobile phones has
transformed mobility tracking by enabling large-scale mobility analysis. Call Detail
Records (CDRs) capture the location of a user’s nearest cell tower during calls or
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text messages. CDRs offered the first opportunity to study city-wide or country-wide
population flows at a massive scale [27, 61]. However, CDRs are inherently sparse
and spatially imprecise—limited by the density of cell towers [5]—which restricts their
utility for micro-level trajectory generation or fine-grained navigation tasks.

Location-Based Social Networks (LBSNs) With the rise of platforms like
Foursquare [72], Twitter, and WeChat, Location-Based Social Network (LBSN) data
emerged as a rich source of mobility information. LBSN data consists of "check-ins"
that link spatial coordinates with semantic labels (e.g., "Restaurant," "Gym") and so-
cial connections [13, 55]. While valuable for POI recommendation and understanding
social influence on mobility, LBSN data is often biased towards specific demographics
and discontinuous, failing to capture the path taken between check-ins.

GPS and High-Resolution Trajectories The proliferation of GPS-enabled smart-
phones and connected vehicles has established Global Positioning System (GPS)
traces as the standard for modern mobility modeling [79, 81]. Unlike CDRs or check-
ins, GPS data provides a continuous or high-frequency sequence of spatial coordi-
nates (x, y, t), capturing precise geometric details such as turns, velocity changes,
and pauses. This high granularity presents both opportunities and challenges. While
it allows for the reconstruction of realistic movement behaviors, it also introduces
high dimensionality and complex spatiotemporal dependencies. Simple probabilistic
models often struggle to capture these intricate distributions, paving the way for the
deep generative models—such as GANs and Diffusion models—discussed in the fol-
lowing section. However, privacy concerns [18, 16] have limited access to real GPS
records, hindering large-scale analysis and benchmark dataset creation. As a result,
synthetic trajectory generation has gained traction as a key research area.

3.2 Generative Models for Trajectory Data

Early efforts in trajectory generation relied on mechanistic models, such as the Ex-
ploration and Preferential Return (EPR) framework [61], which explains mobility as
a balance between exploring new places and returning to familiar ones. Variants of
these models introduced refinements such as distinguishing between returners and ex-
plorers [47], or incorporating temporal rhythms and social interactions [33, 15]. While
these approaches are highly interpretable, they rely on rigid statistical assumptions
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and generally fall short in reproducing the complex, non-linear spatiotemporal corre-
lations observed in high-resolution GPS data.

The field has more recently shifted towards data-driven deep generative models.
Recurrent neural networks (RNNs) [24] were among the first to treat trajectories
as temporal sequences. However, RNNs primarily focus on next-location prediction
rather than holistic trajectory synthesis. Consequently, Generative Adversarial Net-
works (GANs) [40, 45, 52, 17, 69] and Diffusion Probabilistic Models (DPMs) [14, 84,
83, 78] have become the dominant paradigms.

The recent emergence of Large Language Models (LLMs) has also inspired ap-
proaches that treat trajectories as textual token sequences [60, 68]. Despite their
success in NLP, LLMs face distinct challenges in mobility modeling: tokenizing con-
tinuous geospatial coordinates (x, y) often leads to quantization errors or necessi-
tates explicitly modeled vocabularies, struggling to capture fine-grained metric dis-
tances [12]. Furthermore, their reliance on massive pre-training corpora makes them
computationally prohibitive for localized, data-impoverished environments compared
to specialized lightweight generative models.

In this work, we focus on GAN- and diffusion-based models, building upon the im-
plementations presented in [9, 10]. We adopt and extend three representative models:
Noise-TrajGAN , GeoTrajGAN , and DiffTraj . Their detailed architectures are
described in Section 4.3.1. Unlike recent LLMs that enable one-shot trajectory genera-
tion from text prompts [68], the selected models are trained from a trajectory dataset
learning full trajectory distributions, incorporating structured latent variables and
temporal dependencies to provide trajectory synthesis. Compared to purely mech-
anistic approaches, they can learn richer spatiotemporal dynamics, while being less
data-hungry and less opaque than large language models, making them appropriate
in data-impoverished environment [84, 68]

3.2.1 Generative Adversarial Network (GAN) Models

GANs [28] consist of a generator (G) that synthesizes trajectory sequences from noise,
and a discriminator (D) that distinguishes them from real data. Existing trajectory
GANs can be broadly categorized based on their data representation: Grid-based and
Vector-based approaches.
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Grid-based Approaches. These models convert continuous GPS traces into dis-
crete grid representations, treating mobility generation similarly to image generation.
Ouyang et al. [45] proposed a non-parametric GAN where trajectories are converted
into sparse matrices, with CNNs used to extract hierarchical spatial–temporal fea-
tures. Feng et al. [25] introduced MoveSim, which maps trajectories to a 2D grid
and employs a self-attention–based generator. While effective for capturing spatial
density, grid-based methods often suffer from resolution loss due to discretization.

Vector-based Approaches. To preserve precise location information, vector-based
models process trajectories as continuous sequences (xt, yt). Rao et al. [52] developed
LSTM-TrajGAN, combining LSTM networks with GANs. It encodes user-level fea-
tures into a latent space, using a many-to-many LSTM generator to synthesize realis-
tic coordinates. Wang et al. [69] proposed a two-stage map-based GAN (TSG), which
first generates a coarse grid sequence and then refines it into continuous coordinates
conditioned on road network topology.

Privacy-Preserving GANs. A parallel line of research explores the use of GANs
for data anonymization. Liu et al. [40] were among the first to conceptualize this
direction in their vision paper, proposing trajGANs to generate synthetic trajecto-
ries that preserve aggregate spatial properties while mitigating re-identification risks.
Building on this conceptual foundation, subsequent studies integrated formal privacy
guarantees. For instance, DP-TrajGAN [75] and PATE-GAN [34] modify the train-
ing process by clipping gradients and adding Laplacian noise, ensuring theoretically
bounded privacy loss. These works highlight the potential of GANs not just as gener-
ators of realistic data, but as robust mechanisms for privacy-enhancing data release.

3.2.2 Diffusion-based Models

Diffusion probabilistic models [59] capture the data distribution by reversing a grad-
ual noise-addition process. For trajectory generation, the forward process perturbs
trajectory distributions with Gaussian noise, while the reverse process iteratively de-
noises them to synthesize realistic paths.

Zhu et al. [83] proposed DiffTraj, which adapts the U-Net architecture [53]—originally
designed for image segmentation—to model spatial–temporal correlations in trajec-
tory data. This model serves as a baseline in our experiments. Moving beyond
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image-like architectures, TrajGDM [14] employs a graph-based diffusion model. It
uses a Transformer-based generator to capture dynamic spatial dependencies and an
LSTM-based encoder for continuous trajectory embeddings.

Recent studies have further incorporated environmental constraints. ControlTraj [84]
introduced a controllable diffusion model conditioned on road-segment sequences,
employing a RoadMAE autoencoder to enforce topological consistency. Similarly,
MA2Traj [78] integrates origin–destination information via a multi-attribute aggre-
gation module, fusing trip attributes such as distance and speed to guide the reverse
diffusion process.

3.3 Evaluation of Trajectories

Even though generative models for trajectory data have evolved rapidly, the way to
evaluate their outputs still lacks a unified standard. Recent surveys [63, 43] have
shown that most existing approaches essentially reduce evaluation to similarity mea-
sures. First, geometric point-set measures, such as Hausdorff and Fréchet dis-
tances, quantify the spatial proximity between the shapes of two trajectories, effec-
tively capturing the "worst-case" deviation but often ignoring the temporal alignment
of points. Second, sequence alignment metrics address temporal shifts. Dynamic
Time Warping (DTW) and its variants (e.g., EWDTW [4], PDTW [35]) allow for non-
linear mapping between time steps to measure spatiotemporal similarity, though they
remain computationally intensive. Third, token-based metrics discretize continu-
ous trajectories into symbolic sequences. Methods like Longest Common Subsequence
(LCSS) [67] and Edit Distance on Real Sequence (EDR) are robust to noise and out-
liers. Similarly, GeoBLEU [58], adapted from Natural Language Processing, assesses
segment-level coverage by comparing n-gram overlaps of discretized tokens.

Beyond pointwise or sequence-level similarity, several studies evaluate synthetic
trajectories by comparing the distributions of aggregated mobility statistics between
real and generated data. Statistical distances such as Kullback–Leibler divergence,
Wasserstein distance, and Maximum Mean Discrepancy (MMD) are commonly em-
ployed to quantify the alignment of these distributions [83, 9]. Standard basic mobility
features used in this context include:

• Trip Distance: The Euclidean or Manhattan distance between the origin and
destination of a single trip, reflecting the scale of travel.
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• Radius of Gyration (rg): The root mean square distance of a user’s vis-
ited locations from their center of mass, characterizing the spatial extent of an
individual’s activity space [27].

• Visitation Frequency: The distribution of visits per location, which typically
follows a heavy-tailed power law, indicating the preferential return to familiar
places.

• Origin-Destination (OD) Flows: The aggregated count of transitions be-
tween regions, capturing the macroscopic flow patterns of the population.

While these distributional metrics better reflect population-level realism, they still
rely on predefined summary statistics and may overlook higher-order behavioral struc-
ture. Both similarity-based and distribution-based approaches treat trajectories pri-
marily as temporal sequences or statistical samples rather than as spatial behaviors.
As a result, they fail to capture higher-level mobility characteristics—such as trip pur-
pose, route diversity, or spatial regularity—and provide limited interpretability and
diagnostic value, and evaluate the network on its ability to reproduce the training
set, rather than its ability to produce novel but realistic trajectories. A more mean-
ingful evaluation should instead incorporate mobility-specific features that reflect the
behavioral essence of movement and offer a stronger basis for assessing generative
quality.

Zhang et al. [76] introduced the Representative Features of Geospatial Mobil-
ity (ReFGeM) framework, which identifies a set of descriptive features specifically
designed to capture fundamental aspects of human mobility. The authors argued
that features or metrics used to distinguish patterns in spatial behavior should be
phenomenologically representative, mathematically rigorous, useful for distinguishing
sub-populations, and—most importantly—generalizable. The last criterion is espe-
cially demanding, since many spatial metrics suffer from the Modifiable Areal Unit
Problem (MAUP) [26], whereby different discretizations of space or variations in sam-
pling frequency can significantly alter their values. To address this, ReFGeM high-
lights features that are relatively robust, such as the convex hull area and buffer area
to characterize an individual’s activity range [22, 57], the fractal dimension to quan-
tify the geometric complexity of trajectories, and the entropy rate scaling behavior
to capture patterns of regularity [48].

Although ReFGeM was not originally designed for evaluating synthetic data, its
feature-based approach provides a more generalized and training data independent
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basis for describing human mobility. This formulation offers a foundation for assess-
ing the extent to which synthetic trajectories capture the intrinsic spatiotemporal
characteristics of real-world movement, especially if the output is spatially distinct
from the training data.
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Chapter 4

Experimental Steup

4.1 Datasets

I employ three datasets in the experiments: the Geolife dataset [80], and two datasets
from the Interact study [36], Interact-VIC and Interact-MTL. Geolife is publicly avail-
able and released by Microsoft. The Interact datasets are collected as part of the
INTERACT study [36] and cannot be released due to privacy and ethical constraints.
INTERACT is a five-year, four-site, four-wave longitudinal study investigating how
changes in urban environments affect health outcomes. For Interact-VIC, I include
data from the first two waves of the study, comprising 283 participants aged 18 and
above who cycle at least once per month in the Greater Victoria area of British
Columbia, Canada. For Interact-MTL, I include data from the first and third waves
of the study, excluding Wave 2 to avoid disruptions caused by the COVID-19 pan-
demic. This subset comprises 218 participants aged 18 and above living on the Island
of Montreal, as well as in the City of Laval, Longueuil, Brossard, or Saint-Lambert.
All datasets consist of individual-level trajectories with varying spatiotemporal gran-
ularity and geographic coverage. Geolife trajectories are recorded every 1–5 seconds
or every 5–10 meters using GPS loggers and mobile phones, whereas the Interact tra-
jectories analyzed here are recorded at a fixed one-second interval using a SenseDoc
device [2]. In the case of Geolife, the majority of trajectories were collected in Beijing.
In this paper I refer to the Geolife dataset as representing Beijing only, disregarding
the limited data from other cities, consistent with other studies [9, 10].
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4.2 Data Preprocessing

I apply a multi-step preprocessing pipeline to condition each dataset by constraining
the geographic extent, removing outliers, aligning sampling rates, segmenting and
filtering trajectories, and normalizing them for neural network training. A summary
of the basic statistics and descriptions of the datasets is provided in Table 4.1.

Table 4.1: Dataset Description

Dataset Duration City Time Granularity Spatial Representation GPS records counts Participants counts
Geolife 5-30 days Beijing, China 1–5 seconds Latitude, Longitude 24,876,978 182
Interact-VIC 10 days Greater Victoria, Canada 1 second Latitude, Longitude 84,394,852 283
Interact-MTL 10 days Greater Montreal, Canada 1 second Latitude, Longitude 34,310,006 212

Step 1: Filtering by bounding box. For each city, I define a geographic bound-
ing box of the form [min_longitude, max_longitude, min_latitude, max_latitude].
The bounding boxes used in my experiments are: BBOXBeijing = [116.19,

116.56, 39.75, 40.03], BBOXVictoria = [−123.540331,−123.271128, 48.391892, 48.57277]
and BBOXMontreal = [−74.30388,−73.136086, 45.22748, 45.96258].

Step 2: Resampling to fixed temporal interval. Each trajectory is resampled
to a fixed temporal interval of ∆t = 5 seconds, following the Geolife documentation,
which indicates that approximately 91% of trajectories are recorded densely (every
1–5 seconds or every 5–10 meters). The same interval is applied to Interact-VIC and
MTL for consistency. Specifically, each trajectory is divided into consecutive time win-
dows of length ∆t, the resampling is implemented via pandas.DataFrame.resample.
In the original Geolife preprocessing, 5-second windows are aligned to midnight of
the first day of the trajectory (origin=’start_day’), which creates many empty
windows that are later discarded due to the lack of observations. For the Interact-
VIC and MTL dataset, I align the windows to the first timestamp of each trajectory
(origin=’start’), avoiding empty bins and providing a more natural temporal par-
tition. Within each window:

• Numerical attributes (e.g., latitude, longitude, speed) are aggregated by com-
puting the mean;

• Categorical attributes (e.g., user ID, trajectory ID) are taken from the first
observation in the window.

Time windows without any observations are discarded. This procedure ensures uni-
form temporal spacing, suitable for downstream analysis. This resampling uses
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window-based aggregation rather than linear interpolation. Resampled points rep-
resent average positions within each interval. While the choice of a 5-second interval
may not be optimal for all datasets, it is adopted to maintain consistency with prior
implementations on Geolife. Determining an optimal resampling interval would re-
quire systematic sensitivity analysis and may vary depending on dataset characteris-
tics, which is beyond the scope of this work.

Step 3: Splitting long breaks. Some trajectories span extended periods with
long inactive intervals, which disrupt the continuity of the data. Trajectories con-
taining gaps longer than 60 seconds are split into segments. Gaps shorter than 60
seconds are ignored.

Step 4: Trajectory length filtering. Trajectories with fewer than 10 points
are discarded. Trajectories longer than 200 points are either truncated (for Geolife)
to 200 points or split (for Interact-VIC and MTL) into multiple non-overlapping
segments of approximately 200 points each. For example, an Interact-VIC trajectory
containing 350 points would be divided into one segment of 200 points and another of
150 points. The Geolife truncation strategy follows the original implementation [9];
however, since trajectories in Interact-VIC and MTL are typically much longer (often
covering nearly a full day of continuous recording), truncation leads to a loss of over
90% of GPS records, which the splitting strategy avoids. After Step 3, more than half
of the trajectories in Interact-VIC and MTL exceed 200 points, while only about 12%
of the trajectories in Geolife are longer than 200 points. The cumulative distribution
function (CDF) plots of trajectory lengths for each dataset are shown in Figure 4.1.

(a) Interact-VIC dataset (b) Interact-MTL dataset (c) Geolife dataset

Figure 4.1: Empirical Cumulative Distribution Function (ECDF) plots of trajec-
tory lengths. (a) Interact-VIC dataset, (b) Interact-MTL dataset, and (c) Geolife
dataset. The plots compare real data (blue) with synthetic trajectories generated by
the Geolife-pretrained model (green) and the Interact-finetuned model (red).
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Step 5: Spatial normalization. This step prepares trajectories for model input,
following the procedure in [52], which underlies the two GAN-based models. All
latitudes and longitudes are standardized relative to the dataset centroid, allowing
models to better capture spatial deviation patterns across trajectory points. Each
trajectory is normalized by subtracting a reference point and dividing by a scaling
factor. The reference point is the midpoint of longitude and latitude:

reflon =
max(lon) + min(lon)

2
, reflat =

max(lat) + min(lat)

2
.

The scaling factor is computed as

sf = (max(lon)− reflon,max(lat)− reflat),

and each coordinate (lon, lat) is normalized by

(lon, lat)← (lon, lat)− (reflon, reflat)

sf
.

This spatial normalization is applied only during the model training stage. The
subsequent ReFGeM feature computation is still performed on the original latitude
and longitude values.

The number of valid GPS records and participants retained after each pre-processing
step is summarized in Table 4.2.

Table 4.2: Number of valid GPS records and participants after each pre-processing
step for Geolife, Interact-VIC, and Interact-MTL.

Geolife Interact-VIC Interact-MTL
GPS Records Participants GPS Records Participants GPS Records Participants

Step 0: Unprocessed 24,876,978 182 84,394,852 283 34,310,006 218
Step 1: BBox Filtering 16,455,443 179 78,126,029 283 34,310,006 218
Step 2: Fixed 5s Sampling 8,598,197 179 15,835,190 283 8,591,190 218
Step 3: Splitting at 60s 8,598,197 179 15,835,190 283 8,591,190 218
Step 4: Length Filtering 6,486,421 170 15,817,026 280 8,573,093 212

After preprocessing, the trajectory-level statistics are summarized in Table 4.3.
Specifically, the Geolife, Interact-VIC, and Interact-MTL datasets contain 69,504,
97,912, and 59,112 trajectories, with average lengths of 93, 162, and 145 points,
respectively.
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Table 4.3: Summary statistics of extracted trajectories after preprocessing.

Dataset Number of Trajectories Avg. Length
Geolife 69,504 93
Interact-VIC 97,912 162
Interact-MTL 59,112 145

4.3 Modeling

4.3.1 Trajectory Generation Models

Noise-TrajGAN [9] is a variant of LSTM-TrajGAN [52]. Unlike the LSTM-TrajGAN,
which requires real trajectory segments as input, Noise-TrajGAN uses only Gaussian
noise vectors as the generator’s input, allowing the model to synthesize trajectories
without relying on a real dataset.

GeoTrajGAN [9] builds upon GeoPointGAN [17], a model originally developed
for generating spatial point distributions rather than full trajectories. GeoPointGAN
employs a classic GAN structure where Gaussian noise is mapped to synthetic geo-
graphic points, and a discriminator classifies samples as real or fake. To extend this
to trajectory generation, GeoTrajGAN introduces a bidirectional LSTM-based gener-
ator to capture temporal dependencies and employs two discriminators: one adapted
from GeoPointGAN (with normalization adjustments) and another LSTM-based dis-
criminator to assess the sequential coherence of generated trajectories.

DiffTraj [83] is the first model to leverage diffusion-based generative model-
ing for trajectory synthesis with built-in privacy preservation. Its architecture fol-
lows a UNet [53] backbone, featuring up- and down-sampling modules constructed
from ResNet blocks with Conv1D layers. An attention-based transition module [66]
connects these components to capture sequential dependencies. The model further
supports optional conditional information for guided generation, such as average
speed, distance, and start time. Buchholz et.al [10] extended this framework by re-
implementing the original models and incorporating several differential privacy (DP)
mechanisms [50] to explore the trade-off between privacy and utility. Here, I adopt
the original non-DP version of DiffTraj as presented in [83], which corresponds to
the conditional embedding "8-stat" variant described in [10], in order to focus on
evaluating the quality of synthetic trajectories.

I employ the Geolife dataset and implement Noise-TrajGAN, GeoTrajGAN, and
the non-DP 8-stat version of DiffTraj, using pretrained models provided by [9] and [10].
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The 8-stat model incorporates eight additional conditional features: (1) departure
time, (2) total distance, (3) total duration, (4) total length, (5) average distance, (6)
average speed, (7) start grid ID, and (8) end grid ID. To ensure fairness in compar-
ison, I also implement an unconditional version of DiffTraj that takes only noise as
input.

During preprocessing, trajectories are resampled at 5-second intervals and trun-
cated to a maximum length of 200 points. Each point is represented as a pair of nor-
malized spatial coordinates within the range [0, 1], consistent with [52]. Sequences are
padded with zeros to a fixed length of 200 points, ensuring uniform input dimensions
across all samples. Since the GAN-based models and the unconditional DiffTraj do
not establish a one-to-one mapping with real trajectories, generation simply requires
specifying the number of trajectories to synthesize, without additional metadata. For
the 8-stat version, conditional information (the "head") is computed for each tra-
jectory and concatenated with the noise vector as auxiliary input. The outputs are
synthetic trajectories, each represented as a fixed-length sequence of 200 locations.
All hyperparameter configurations are summarized in the Appendix A.3.

I evaluate these models because pretrained implementations are available and
they serve as representative baselines highlighted in [9], which identifies key gaps in
trajectory generation evaluation. This framework targets these gaps, and using the
same models enables a direct assessment of its effectiveness. The analysis could be
extended to other advanced models [69, 84, 78] if pretrained versions were available.
The primary goal is to demonstrate the applicability and utility of the proposed
evaluation schema.

4.3.2 Cross-City Training and Model Adaptation

After implementing the three trajectory generation models, I select the best-performing
one—DiffTraj-8stat—for further experimentation. I create several additional vari-
ants under different training regimes. First, I trained models from scratch on the
Interact-VIC and Interact-MTL datasets. Apart from the change in training data,
all architectures, hyperparameters, and training settings were kept identical to those
of the Geolife-trained model. Second, I constructed fine-tuned variants by initializing
from the Geolife-pretrained checkpoint and continuing training on the Interact-VIC
and Interact-MTL datasets, using a reduced learning rate (2 × 10−5) to adapt the
models to local mobility patterns while preserving the knowledge learned from Geo-
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life. Finally, I trained a multi-city combined model using trajectories from all three
datasets: Geolife, Interact-VIC, and Interact-MTL.

I evaluated all six models—the original Geolife-trained model, the VIC- and MTL-
trained-from-scratch models, the VIC- and MTL-finetuned models, and the combined
multi-city model—on the Geolife, Interact-VIC, and Interact-MTL test sets. I re-
fer to these models as Geolife_trained, VIC_trained, MTL_trained, VIC_finetuned,
MTL_finetuned, and combine_trained, respectively.

The objectives of this experiment are threefold: (1) to examine whether higher-
quality local data can improve model performance, (2) to assess the cross-city transfer-
ability of trajectory generation models, and (3) to demonstrate the utility of ReFGeM
for the comparison.

Synthetic test datasets generation

In the original implementation [83, 9], evaluation is performed by feeding the con-
ditional information (the head) from the test dataset into the model to generate
synthetic trajectories. In my experiments, I treat the test dataset as untouched,
avoiding any direct use of test data during generation. I sample from the overall
dataset distributions to generate synthetic trajectories. The 8-stat head includes
three categorical attributes—departure time (divided into 288 5-minute bins over 24
hours), start grid ID, and end grid ID—and five continuous attributes: total distance
(consecutive cumulative Haversine distance), total duration, total length (number of
trajectory points), average distance (total distance divided by total length), and av-
erage speed (total distance divided by total duration). After inspecting the data, I
sample departure time independently from its marginal distribution, sample the start
grid ID from its marginal distribution and the end grid ID conditioned on the start
grid. For the continuous variables total distance, total duration, and total length, I
implement a copula-based sampling method to capture their joint distribution. Aver-
age distance and average speed are computed from the sampled values. The sampled
head arrays, combined with random noise, are fed into each model to generate syn-
thetic datasets for evaluation. With six models and three datasets, this results in a
total of 18 synthetic datasets.

This procedure ensures that the synthetic trajectories do not rely on one-to-one
mappings from the test set, better reflecting the real-world generative setting and
addressing the Utility challenge highlighted in [9].
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4.4 ReFGeM Calculation

Given a synthetic or real dataset, I compute the ReFGeM features for each trajectory
within that dataset. Both the real-world trajectories and all synthetically generated
datasets are represented in geographic coordinates (latitude and longitude). Following
the implementation in [76], I first convert them into UTM coordinates (i.e., easting
and northing) using the Python library pyproj, as distance and spatial binning opera-
tions are more straightforward under the UTM system. The grid coordinated is using
a grid cell size of 15.625 meters and the cooordinates (x, y) of each cell is calculated
using x = easting−eastingmin

15.625
, y = northing−northingmin

15.625
,where eastingmin and northingmin

are the lower bound of the corresponding bounding box of each city. All subsequent
feature calculations are performed on these grid coordinates.

Convex Hull Area. This feature describes an individual’s activity space by com-
puting the area of the smallest polygon enclosing all spatial locations, with the outer-
most points serving as vertices. I employ the QuickHull algorithm via scipy.spatial,
using the grid coordinates as input.

Buffer Area. To compensate for the sensitivity of convex hull to outliers, the
buffer area metric extends each trip by a fixed spatial buffer, here a 15.625m (the
minimum grid size for formal and uniform calculation) buffering is applied. All buffers
are merged using the cascaded_union function in shapely.ops to obtain the area.
This metric captures the extent of an individual’s potential movement area.

Fractal Dimension. This feature quantifies the spatial complexity of a tra-
jectory. The fractal dimension is computed using the box-counting method de-
scribed in Chapter 3. The trajectory coordinates are first normalized to the unit
hypercube, and the number of non-empty boxes N(ϵ) is counted for multiple scales
ϵ ∈ {0.001, 0.01, 0.1, 1.0}. The fractal dimension is then estimated as the negative
slope of a linear fit on the log–log plot of N(ϵ) versus ϵ.

Multi-scale Entropy Rate Constants (C1–C5). This family of features en-
codes the spatiotemporal complexity of movement. Each trajectory is first converted
into a symbolic sequence S, and a Lempel–Ziv–based entropy rate H is computed as
in Equation 2.1. Since the marginal dwell times tdi and apparent speeds v∗i are not di-
rectly observable from the symbolic trajectories, H(d, T ) is evaluated across multiple
combinations of spatial and temporal scales (d, T ). The five coefficients (C1–C5) are
then obtained by fitting Equation 2.2 using the scipy.optimize.curvefit func-
tion. These coefficients parameterize a trajectory’s entropy across different spa-
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tial–temporal resolutions, providing robustness against variations in sampling density
and frequency. In my experiments, given the trajectory length of 200 points (≈ 16
minutes) and a 5-second sampling interval, we selected grid sizes of d = [15.625 m,
31.25 m, 62.5 m, 125 m] and sampling intervals T = [5 s, 10 s, 20 s, 40 s, 60 s]
to ensure sufficient spatial resolution and to avoid excessively short sequences. For
numerical stability during distribution analysis, all fit values smaller than 10−9 are
treated as zero and grouped into a single bin.

4.5 Experimental Environment

All experiments were conducted on high-performance computing platforms to ensure
reproducibility and efficiency. The Noise-TrajGAN and GeoTrajGAN experiments
were run on Google Colab using a 40 GB NVIDIA A100 GPU. All DiffTraj -related
model training—including the unconditional version, Interact-trained version and
Interact-finetuned —was performed on the Digital Alliance Canada Fir cluster us-
ing a single 80 GB NVIDIA H100 GPU. Trajectory generation and ReFGeM feature
computations were also carried out on the Fir cluster. All experiments were imple-
mented in Python, using the following major packages: pandas 1.5.3, numpy 1.26.4,
scikit-learn 1.3.2, scipy 1.10.1, pyproj 3.6.1, folium 0.7.0, geopandas 0.14.4, shapely
2.0.7, matplotlib 3.7.2, osmnx 1.9.4, and networkx 3.3. All parameter configurations
used for fine-tuning are provided in Appendix C.
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Chapter 5

Results

5.1 Trajectory Generation Model Comparison

Figure 5.1 illustrates the qualitative differences among the generated trajectories.
The two GAN-based models exhibit mode collapse: once the generator discovers a
trajectory pattern that consistently fools the discriminator, it tends to reproduce this
pattern instead of exploring the full range of possible behaviors. This leads to lim-
ited diversity and prevents the models from capturing the complex mobility patterns
present in the real dataset. Although [9] reports that Noise-TrajGAN was trained
under multiple configurations—including different loss functions (WGAN-GP and
modified TrajLoss), alternative noise shapes, optimizers, and learning rates—none
of these settings mitigated mode collapse in our experiments. For GeoTrajGAN, I
also replaced the original BCE loss with a WGAN with Lipschitz Penalty (WGAN-
LP) loss [49], but the improvement remained marginal. Details are provided in Ap-
pendix A.4. The weak performance of both GAN-based models suggests that, even
with a complex training process and large datasets, trajectory synthesis via standard
GANs remains unstable. In contrast, both versions of DiffTraj—unconditional and
8-stat—demonstrate improved trajectory realism. They better align with the under-
lying road network in Beijing, producing paths that are more plausible for human
movement. The 8-stat DiffTraj shows the highest fidelity, benefiting from additional
conditional information such as departure time, total distance, average speed, and
start/end locations, which guide the generator to produce trajectories that reflect
more realistic behavioral patterns.
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(a) Geolife dataset (b) Noise-TrajGAN (c) GeoTrajGAN (d) Uncond DiffTraj (e) 8-stat DiffTraj

Figure 5.1: Random samples of 5000 trajectories from the Geolife dataset and syn-
thetic trajectories generated by various models. The background shows the road
network of Beijing. (a) Geolife dataset, (b) Noise-TrajGAN, (c) GeoTrajGAN, (d)
Unconditional DiffTraj, and (e) 8-stat DiffTraj.

To quantitatively assess these differences, I compute ReFGeM features for both
real and synthetic datasets and compare their distributions using the Jensen–Shannon
(JS) divergence, which ranges from 0 to 1 and measures distributional similarity,
with lower values indicating a closer match to real data. As shown in Table 5.1,
the 8-stat DiffTraj model achieves the lowest JS divergence and thus the closest
alignment with the Geolife trajectories. Feature C2 is the only case in which the
unconditional DiffTraj scores lower. The unconditional variant ranks second over-
all. Noise-TrajGAN and GeoTrajGAN produce higher JS divergence—typically 3–5
times larger—reflecting the mode collapse behavior. Although the DiffTraj models
consistently outperform the GAN-based models across all features, they still exhibit
clear limitations. Some samples contain short stationary segments concentrated near
dataset boundaries, and others, when conditioned on start and end points, produce
trajectories that cross physical obstacles such as lakes. These results show that even
the strongest models fall short of generating plausible mobility patterns and point
to the need for additional spatial and contextual constraints to support realistic syn-
thetic trajectory generation.
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Table 5.1: ReFGeM feature comparison using Jensen-Shannon (JS) score between
synthetic models and the Geolife dataset. The best score for each feature is high-
lighted in bold, while the second-best is indicated with underline.

Feature Uncond DiffTraj 8-stat DiffTraj Noise-TrajGAN GeoTrajGAN

C1 0.2585 0.2568 0.4515 0.6062
C2 0.4056 0.4144 0.6504 0.6413
C3 0.1403 0.1232 0.7594 0.7336
C4 0.2586 0.2355 0.4755 0.4585
C5 0.2542 0.2335 0.7052 0.6002
Buffer Area 0.1349 0.1154 0.8326 0.8305
Convex Hull 0.1755 0.1584 0.8258 0.8271
Fractal Dimension 0.1753 0.1619 0.7408 0.7343

These results also confirm that diffusion-based models are more suitable for hu-
man trajectory generation, demonstrating both higher fidelity and better behavioral
consistency compared to GAN-based approaches. However, the JS divergence of fea-
ture C2 (squared dwell time) is higher—around 0.4, compared to approximately 0.2
for most other features—indicating that all models still struggle to accurately capture
dwell behaviors.

5.2 Cross-City Transfer Performance

I computed the Jensen–Shannon (JS) divergence of ReFGeM features by compar-
ing real test trajectories with synthetic trajectories generated by six models: Geo-
life_trained, VIC_trained, VIC_finetuned, MTL_trained, MTL_finetuned and Com-
bine_trained on the Geolife, Interact-VIC, and Interact-MTL datasets (Table 5.2).
The distributions of ReFGeM feature values across all datasets and models are visual-
ized in Appendix A.2 Figures A.5–A.12. The relative JS scores correspond well with
the visualized feature distributions, confirming the consistency between quantitative
and visual assessments.
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Table 5.2: ReFGeM feature comparison using Jensen–Shannon (JS) score among Ge-
olife_trained, Interact_trained, Interact_finetuned, MTL_trained, MTL_finetuned,
and combine_trained models on the Geolife, Interact-VIC, and Montreal datasets.
Lower JS score is better; best score for each feature and dataset is highlighted in
bold, second best is underlined.

Features
Geolife Dataset Interact-VIC Dataset Montreal Dataset

Geo-Tr. VIC-Tr. VIC-FT. MTL-Tr. MTL-FT. Comb-Tr. Geo-Tr. VIC-Tr. VIC-FT. MTL-Tr. MTL-FT. Comb-Tr. Geo-Tr. VIC-Tr. VIC-FT. MTL-Tr. MTL-FT. Comb-Tr.
C1 0.2820 0.3004 0.2848 0.2659 0.3077 0.1971 0.3795 0.2398 0.1668 0.2102 0.2034 0.1350 0.4607 0.3334 0.3193 0.2261 0.2482 0.3212
C2 0.4462 0.3673 0.3678 0.3144 0.3167 0.3733 0.3131 0.3558 0.2339 0.3059 0.2203 0.2257 0.4218 0.5114 0.4887 0.4851 0.4573 0.4637
C3 0.2329 0.2425 0.1502 0.2337 0.2014 0.0991 0.6267 0.2837 0.1191 0.2652 0.1560 0.1647 0.2846 0.5971 0.5234 0.5472 0.4709 0.4578
C4 0.2767 0.4867 0.3724 0.5340 0.4531 0.1999 0.2796 0.2715 0.1227 0.2923 0.1914 0.1030 0.1360 0.2825 0.2192 0.3365 0.3667 0.1040
C5 0.1818 0.3312 0.3871 0.2899 0.4266 0.2237 0.8264 0.1555 0.2396 0.1827 0.2574 0.2451 0.8326 0.4504 0.3640 0.3524 0.2364 0.3440
Buffer Area 0.2149 0.2281 0.2249 0.1982 0.2845 0.1199 0.5243 0.3255 0.1780 0.2716 0.1880 0.2321 0.6731 0.5978 0.5239 0.5273 0.4620 0.4556
Convex Hull 0.2014 0.2307 0.2152 0.2601 0.2950 0.0991 0.5094 0.2858 0.1202 0.2747 0.1765 0.2288 0.6444 0.5837 0.5182 0.5230 0.4731 0.4509
Fractal Dimension 0.2015 0.1912 0.2059 0.1675 0.2478 0.1001 0.4993 0.2846 0.1514 0.2284 0.1280 0.1986 0.6928 0.5977 0.5134 0.5088 0.4310 0.4700

Across all three cities, the Combine_trained model exhibits consistent perfor-
mance, achieving the best or second-best JS score for most features. When it does not
achieve the lowest score, the best-performing model is typically the one trained on the
corresponding local dataset. On the Beijing (Geolife) dataset, the Combine_trained
model achieves the lowest JS score on 6 out of 8 ReFGeM features and the second-
lowest score on C5. Its average JS divergence is approximately 30% lower than that
of the Geolife_trained model. On the Victoria dataset, fine-tuned models perform
well on spatial-related features, including buffer area, convex hull, and fractal di-
mension. The VIC_finetuned model attains the lowest JS score on buffer area and
convex hull, with the MTL_finetuned model ranking second. For fractal dimension,
the MTL_finetuned model achieves the lowest score, followed by the VIC_finetuned
model. Although the MTL_finetuned model is not trained on Victoria data, it out-
performs models trained or fine-tuned on the Victoria dataset. This behavior can
be attributed to similarities between the Montreal and Victoria training datasets.
The ReFGeM feature distributions of these two datasets are closely aligned. First,
both datasets are collected using Sensedoc devices, which record daily activities from
waking up to going to bed at the same sampling frequency. Second, after truncating
trajectories to 200 points (approximately 16 minutes), the space of feasible movement
patterns becomes limited. These factors reduce cross-city differences and enable gen-
eralization. The Montreal-based models can outperform locally trained Victoria mod-
els due to differences in participant populations and study areas. Interact-VIC focuses
on cyclists within the Greater Victoria area, whereas Interact-MTL includes adult par-
ticipants without additional inclusion criteria and covers a broader region, including
the Island of Montreal, Laval, Longueuil, Brossard, and Saint-Lambert. The larger
geographic scope and participant diversity introduce more varied mobility patterns,
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supporting transfer across cities. On the Montreal test set, the Combine_trained
model achieves the lowest JS score on buffer area and convex hull.

Among the ReFGeM features, C1 - C4 exhibit smaller magnitudes. The values of
C1 - C4 span several orders of magnitude, ranging from approximately 10−9 to 101,
with a large proportion of values concentrated at small scales. In contrast, C5 ranges
from 102 to 103. C5 (dwell time) dominates the numerical scale of the entropy related
ReFGeM features and is emphasized in the analysis. The lowest JS score for C5 is
consistently achieved by models trained or fine-tuned on the local dataset, indicating
that dwell time is city-specific. The divergence in C5 is larger between the Beijing
and Canadian datasets than between the two Canadian datasets. The Geolife dataset
exhibits a distinct dwell-time distribution because it is collected through participant-
initiated sharing rather than passive full-day observation. This collection process
leads to incomplete trajectories and alters dwell-time characteristics.

When comparing training strategies, fine-tuned models outperform models trained
from scratch, indicating that exposure to diverse data improves performance. The re-
sults of the Combine_trained model further support this conclusion. Models trained
only on Victoria data perform well in-domain but show limited transfer across cities,
whereas Montreal-related models transfer to both Victoria and Beijing, and the
Geolife-trained model transfers to Montreal.

The Empirical Cumulative Distribution Functions (ECDFs; Fig. 5.2) for each Re-
FGeM feature were computed on all datasets, comparing real and synthetic trajecto-
ries. The black line corresponds to the ECDF of the ReFGeM feature computed from
the real dataset, while the colored lines represent ECDFs from synthetic trajectories
generated by different models. Each row corresponds to a single ReFGeM feature,
with three subplots showing the Geolife, Interact-VIC, and Interact-MTL datasets,
respectively. The ECDFs indicate that the original ReFGeM features of Victoria and
Montreal are quite similar, while the Geolife dataset differs from these two private
datasets. C1 and C2 exhibit the largest gaps between original and synthetic tra-
jectories. For C1 (inverse squared speed), all three original datasets show a high
proportion of small values around 0.7, whereas synthetic datasets tend to generate
fewer low C1 values, reducing the proportion to approximately 0.3–0.5. This indi-
cates that high-speed trajectories are more common in the original datasets, while
synthetic trajectories tend to have lower speeds. For C2 (squared dwell time), the
original datasets show a low percentage of short dwell times (ECDF values below 102

are around 0.2–0.3), with the majority of dwell times being longer. In the Geolife
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dataset, the ECDF sharply rises from 103 to 106, with most values above 103, whereas
Victoria and Montreal exhibit a narrower range, mostly between 102 and 104. This
highlights the differences between Geolife and the two Canadian datasets. Because C1
and C2 are squared quantities, discrepancies between original and synthetic datasets
are further amplified. For C5 (dwell time), the Geolife_trained model (pink-purple
with diamond marker) fails to accurately capture this feature when generating syn-
thetic datasets for other cities. It tends to produce trajectories with excessively long
dwell times, reflecting the characteristics of its own training data. For the remaining
features describing spatial coverage and route complexity, synthetic datasets approx-
imate the originals. However, the Montreal dataset appears harder to replicate, as its
ECDF lines are farther from the best-performing synthetic datasets. This difference
arises from the larger geographic and behavioral diversity in the Montreal dataset,
which increases the variety of feasible trajectories despite similar overall feature dis-
tributions.

Overall, the JS divergence analysis and ECDF comparisons show consistent pat-
terns. The Combine_trained model performs stably across all three cities. For C5
(dwell time), models trained on the corresponding local dataset achieve the lowest JS
scores. The ECDFs indicate that replicating C1–C5, which quantify spatiotemporal
movement patterns through combinations of speed and dwell time, is more challenging
than replicating spatial coverage (buffer area and convex hull) or spatial complexity
(fractal dimension). Short trajectories limit spatial coverage and route complexity,
whereas C1–C5 are strongly influenced by local context, participant behavior, and
transport patterns.
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(a) C1

(b) C2

(c) C3

(d) C4

Figure 5.2: ECDF plots for each feature (Part 1). Comparing real vs synthetic
trajectories across datasets. (Continued on next page)
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(e) C5

(f) Buffer area

(g) Convex hull

(h) Fractal dimension

Figure 5.2: (Continued) ECDF plots for each feature.
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Chapter 6

Ancillary Work

This chapter presents a set of exploratory experiments conducted at an early stage of
the study. The experiments are limited in scope and focus on a subset of datasets and
model configurations, including the GeoLife dataset and the Victoria dataset, as well
as the original GeoLife-trained model Geolife_trained and a VIC-fine-tuned model
initialized from the GeoLife-pretrained checkpoint and further trained on the Interact-
VIC dataset VIC_finetuned. Due to the preliminary nature of these experiments and
the limited performance gains observed, this line of investigation was not pursued
further in the main body of the thesis. The results provide useful empirical insights
into trajectory segmentation and road network integration, and are therefore included
here as ancillary work.

6.1 Dwell Journey Detection

Dwells and journeys constitute a complete trajectory. Dwells occur when individuals
are stationary, such as waiting at a bus stop or staying in a coffee shop, whereas
journeys represent movements between locations, such as walking from the office to
the bus station or taking a stroll in a park. Analysis of the estimated entropy coef-
ficients indicates that dwell-related behavior dominates, as the marginal dwell time
(C5) has a much larger magnitude than velocity (C4). This suggests that splitting
trajectories into dwell and journey segments is necessary and potentially beneficial.
Trajectory segmentation is commonly performed using movement parameters, defined
as statistical properties of the movement process computed at each trajectory point.
Representative parameters include velocity, speed, heading, acceleration, turning an-
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gle, angular range, displacement, straightness index, sinuosity, tortuosity, and related
locally derived measures [21, 20]. In this work, trajectories are segmented into dwell
and journey intervals using a displacement-based criterion. Displacement is com-
puted over a 10-point sliding window. Points are classified as part of a journey if the
displacement within the window exceeds 30 meters; otherwise, they are classified as
dwell. The 30-meter threshold is chosen because a 10-point window corresponds to 50
seconds, which would approximately correspond to 30 meters of displacement under
a slow walking speed (≈ 0.6m/s), exceeding the expected range of GPS wandering
noise of 0.3-1.6m [30]. Trip segments shorter than five points are discarded as noise.
Additional analysis of the segmented trajectories is provided in Appendix A.1.

6.2 Road Network Integration

During trajectory generation, some synthetic trajectories may exhibit impossible
paths—for example, passing through buildings, lakes, or other non-traversable ar-
eas. This issue arises because the generative models do not explicitly incorporate
road network constraints. To address this limitation, road network integration is ap-
plied to all journey segments within each trajectory. Road network data are obtained
using the Python library OSMnx, which is used to download complete driving, cycling,
and walking networks from OpenStreetMap for both Beijing and Victoria. For each
trajectory’s trip segment, I downsample the location points to ensure that the start
and end points are included, along with every fifth point in between. I then compute
the shortest path that passes through all these waypoints in sequence, using Dijkstra’s
algorithm between each pair of consecutive waypoints. From the returned route, I
extract the full geometric shape of the path by retrieving the polylines of each road
edge traversed. The total route distance is then calculated as the sum of the individ-
ual edge lengths. Finally, I uniformly upsample along the entire path to match the
original trip’s length (in number of points), and concatenate the reconstructed trip
segments with their corresponding dwell segments to form the complete trajectory.

A valid route is not always guaranteed to be found during this process. The
success rate depends on the density and connectivity of the road network. The Beijing
road graph contains over 350,000 nodes and 900,000 edges offering a high likelihood of
finding valid routes between arbitrary points. The Victoria road graph has only about
8,500 nodes and 24,000 edges, providing fewer connectivity options. For trips where
no valid route can be found, I retain the original synthetic trajectories generated by
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the model.

6.3 Road Network Results Analysis

After examining the trip and dwell distributions for all datasets (Appendix Fig. A.1),
I selected the best synthetic dataset for each city—Geolife_pretrained synthetic Ge-
olife dataset and Interact_finetuned synthetic Interact dataset—for road network
integration. Since my focus is on mapping trip segments to the nearest road net-
work, the feature most directly affected is the fractal dimension. My goal is to assess
whether road network integration can bring the synthetic distribution closer to the
real dataset, reducing the JS divergence.

For the Geolife dataset, the JS divergence of the fractal dimension increases after
road network integration, from 0.1619 to 0.1856, indicating a marginally lower simi-
larity to real trajectories. In contrast, for the Interact-VIC dataset, the JS divergence
decreases from 0.2667 to 0.2635. In both cases, I conclude that post-hoc map match-
ing is insufficient. Further research on integrating geographic context during training
and post-processing is required.

Visual inspection of histograms and KDE plots for fractal dimension (Appendix
Fig. A.2) shows that the overall effect of road network integration is limited, primarily
because trip segments constitute a minority of trajectory points, while dwell segments
dominate. To better understand the impact, I filtered trajectories that were modified
by the road network and re-examined their fractal dimension distributions (Fig. 6.1).
In Beijing, I observed that the modified trajectories sometimes exhibit even higher
fractal dimensions than the original synthetic data, likely due to the dense and in-
tricate road network, which introduces additional twists and complexity. Conversely,
in Victoria, road network integration can bring fractal dimension closer to those of
the real trajectories. The difference in outcomes between the two cities also reflects
the relative success of the route-finding process. During the road matching process,
Victoria experienced more cases where valid paths could not be found. Beijing’s
dense road network allowed for nearly all trips to be successfully matched, sometimes
resulting in tortuous trajectories.
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(a) Geolife (b) Interact-VIC

Figure 6.1: Histogram of fractal dimension computed on the Geolife and Interact
datasets, comparing real trajectories with synthetic trajectories generated by different
models. (a) Geolife dataset , (b) Interact dataset. Only trajectories containing
modified trips are shown.

These findings suggest that road network integration can improve realism in cer-
tain contexts, but its application requires caution. In cities with complex networks,
modifications can unintentionally increase route complexity. With appropriate con-
straints, integrating road network information remains a promising avenue for en-
hancing trajectory synthesis.
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Chapter 7

Discussion and Summary

7.1 Discussion

The ultimate goal is to generate synthetic trajectories that can preserve the statistical
characteristics of real human mobility across all ReFGeM features—ideally driving the
Jensen–Shannon (JS) divergence toward zero. Currently, even the best-performing
model maintains an average JS score close to 0.2, indicating that meaningful discrep-
ancies remain between synthetic and real data. A closer examination of feature-level
results shows that the multi-scale entropy coefficients (C1–C5) remain particularly
challenging to replicate. The bi-modal distributions observed for these entropy rate
constants(Appendix A.2, Fig. A.5–A.9) suggest that future models could benefit from
explicitly distinguishing between dwell and trip states. Although exposing model with
more city’s data consistently narrows the distributional gap, noticeable discrepancies
persist, implying that accurately modeling the temporal transitions between dwell
and trip phases—core elements of human mobility dynamics—remains unresolved.

The cross-city transfer results show that the stable performance of the Com-
bine_trained model reflects the benefit of training on multi-city data. Across all
evaluation settings, the combined model consistently achieves the best or second-best
performance, indicating that a sufficiently large and diverse training corpus can serve
as a general foundation for synthetic mobility generation. These results suggest that,
with adequate data coverage, it is plausible to generate realistic city-level synthetic
trajectories—not to predict individual movements, but to reproduce aggregate mo-
bility characteristics for a given city. Models trained or fine-tuned exclusively on the
Victoria dataset exhibit limited transferability and perform well only on Victoria.
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Models trained on Montreal or Geolife data show stronger cross-city generalization.
This asymmetry indicates that cross-city transferability depends on both dataset di-
versity and geographic complexity. The Victoria dataset covers a smaller study area
and a more homogeneous participant group, resulting in simpler mobility structures.
By comparison, both the Montreal and Beijing datasets include broader geographic
regions and more diverse participant populations, providing richer spatiotemporal
patterns for the models to learn. The Geolife dataset is collected through participant-
initiated uploads of individual trips [80], which introduces selection bias and incom-
plete daily coverage. In contrast, the Interact-VIC and Interact-MTL datasets are
collected using wearable sensors that record mobility continuously throughout the
day. This difference in data collection protocols is reflected in the observed gaps in
features such as C5 (dwell time) when transferring models between Geolife and the
Canadian cities. These results show that cross-city synthetic mobility generation is
influenced by the consistency of data collection protocols as well as the diversity of
populations and urban contexts represented in the training data. Training on the
combined dataset reduces these discrepancies across cities, indicating that aggrega-
tion across heterogeneous sources provides a more stable basis for city-level synthetic
mobility generation.

Road network integration produces mixed outcomes across regions. In Victoria,
the integration reduced JS divergence, while in Beijing it led to more complex trajec-
tories with higher fractal dimensions. This divergence reflects both the differences in
road network density and connectivity and the success rate of route-finding: Victo-
ria’s sparse network led to many unmatched trips, limiting changes, whereas Beijing’s
dense road graph often generated overly intricate routes. While road constraints influ-
ence trajectory geometry, the improvements from post hoc integration remain limited.
This suggests that road network information should be incorporated into the model
training process rather than applied as a post-processing step.

This study demonstrates the value of this feature-based evaluation framework
through the ReFGeM approach for assessing the quality of synthetic human mobility
data. The framework not only quantifies how closely generated trajectories approxi-
mate real-world mobility patterns but also highlights specific aspects where existing
models fall short, such as their inability to capture transitions between dwell and
trip states. These versatile features cover multiple aspects of trajectory behavior,
providing not only a measure of quality but also directional guidance for synthetic
trajectory generation improvement. These findings suggest that ReFGeM can serve



41

as a practical feedback mechanism to guide model design and optimization, poten-
tially functioning as a feedback metric in reinforcement learning to support iterative
improvement toward more realistic mobility synthesis. The results also indicate that
substantial work remains before synthetic trajectories become feasible: future models
must generate trajectories which are at a minimum sufficiently credible to be consid-
ered valid under ReFGeM evaluation. ReFGeM operates at an aggregate level, and
the generation protocol samples conditional information from learned distributions
rather than deriving it directly from the test dataset. This design enables evaluation
without exposing individual-level trajectories, supporting group-level analysis while
preserving privacy. Together, these properties make ReFGeM a practical and privacy-
aware framework for evaluating and guiding synthetic human mobility models.

Several limitations remain that point to promising directions for future work. My
choice of baseline models was constrained by the goal of maintaining consistency
with [9]. Although more advanced trajectory generative models exist, many do not
offer public available pretrained implementations, limiting the ability to include them
in a controlled comparison. As additional pretrained models are released, the pro-
posed evaluation schema can be applied. The models I evaluated were restricted to
trajectories of only 200 points at 5-second intervals (≈ 16 minutes), which does not
represent common trips like commuting behavior. While the 5-second interval was
adopted for consistency with prior implementations, it may not be optimal across
datasets. The sparsity and short duration contribute to underestimation of fractal
dimensions and incomplete behavioral patterns. In future work, extending trajec-
tory length beyond the current published state of the art and prioritizing datasets
with consistent, high-frequency sampling may yield more realistic outcomes. Cur-
rent models do not distinguish between dwell and trip phases, which constrains their
ability to capture the transition dynamics between movement states. Future research
could incorporate explicit representations of these two modes through hierarchical or
hybrid generative architectures to better reflect real-world temporal structures and
improve entropy-related feature quality. Embedding structural priors such as road
network complexity or urban morphology descriptors could also help mitigate the
observed asymmetry in cross-city transfer. Assembling multi-city training corpora
with diverse mobility patterns may move the field toward a universal, city-agnostic
trajectory generator.
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7.2 Summary

This work presented a comprehensive evaluation of synthetic human mobility trajec-
tories using the ReFGeM feature framework, demonstrating its utility for systemat-
ically assessing the realism and quality of generative models. I benchmarked several
existing GAN-based and diffusion-based models, highlighting their varying abilities
to reproduce the multi-dimensional feature distributions observed in real-world mo-
bility data. Building upon this baseline, I investigated the effects of different training
strategies, including training from scratch, fine-tuning on high-quality local datasets,
and training on combined multi-city data, and examined its cross-city generalization
capability. Through these experiments, I established a systematic understanding of
how model architecture, data quality, and spatial context influence the divergence
between synthetic and real trajectories, and demonstrate the utility of feature-based
analysis of synthetic trajectories. Despite a remaining average JS divergence of around
0.2, the ReFGeM framework revealed where and why existing models diverge from
true human mobility, offering interpretable diagnostics that complement conventional
trajectory-level evaluations.

Beyond the specific results, this study contributes a feature-based evaluation
paradigm that bridges generative modeling and mobility analysis. By capturing sta-
tistical, geometric, and temporal characteristics in a unified representation, ReFGeM
offers a necessary foundation for future research on trajectory synthesis, model vali-
dation, and data-driven urban mobility understanding. Looking forward, integrating
dwell–trip state modeling, geographic conditioning, and longer temporal contexts may
help move synthetic trajectory generation toward greater behavioral plausibility and
generalizability across cities. Advancing the ability to generate realistic trajectories
also contributes to a deeper computational understanding of human mobility, forming
the basis for agent-based simulations that can support urban design, transportation
planning, and policy evaluation across both real and virtual environments.
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Appendix A

Additional Information

A.1 Supplementary Analysis of Auxiliary Work

This section presents the visualization results from the ancillary work stage: includ-
ing separate distributions of trip and dwell segment lengths, comparisons of fractal
dimension distributions before and after road network integration, and examples of
trajectory alignment with the Beijing road network.

Figure A.1 shows the distributions of trip and dwell segment lengths (in num-
ber of points) after trip–dwell detection. The first row corresponds to Geolife and
the second to Interact-VIC, with each subfigure comparing the original data, Geo-
life_pretrained, and Interact_finetuned synthetic trajectories. Distributions showing
greater deviation are indicated by dashed lines. For Geolife, the Interact_finetuned
model generates many short trips and dwells, suggesting over-segmentation of tra-
jectories into brief movement and stationary phases. In contrast, Interact-VIC real
data contain longer dwells dominating entire trajectories, while the synthetic versions
underestimate trip frequency and favor extended stationary periods.
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(a) Geolife: Length Distribution of Dwells
(b) Geolife: Length Distribution of

Journeys

(c) Interact-VIC: Length Distribution of
Dwells

(d) Interact-VIC: Length Distribution of
Journeys

Figure A.1: Trip length and dwell-time distributions across Geolife and Interact
datasets (real and synthetic). Subfigures (a),(c) show dwells length(number of
points) distributions; (b),(d) show journeys length (number of points)distributions
for each dataset respectively.

Figure A.2 shows the distributions of fractal dimensions computed from real and
synthetic trajectories for the Geolife and Interact-VIC datasets, before and after inte-
grating road network information. For each dataset, the model that best captures its
characteristics is selected: Geolife_pretrained for Geolife and Interact_finetuned for
Interact. In the Geolife dataset, the integration of road network information tends to
affect trajectories with higher fractal dimensions, as shown by the dashed distribu-
tion skewed around the 0.8–0.9 range. This suggests that road alignment introduces
more complex path shapes. For Interact-VIC, the pre- and post-integration curves
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nearly overlap, showing minimal difference, due to the low success rate of aligning
trajectories to the road network.

(a) Geolife:Kernel Density Estimation of
Fractal Dimension (b) Geolife: Histogram of Fractal Dimension

(c) Interact-VIC: Kernel Density Estimation
of Fractal Dimension (d) Interact-VIC:Histogram of Fractal Di-

mension

Figure A.2: KDE(Kernel Density Estimation) and histogram of fractal dimension
computed on the Geolife and Interact datasets, comparing real trajectories with syn-
thetic trajectories generated by different models. (a)–(b) correspond to the Geolife
dataset (KDE and histogram, respectively), and (c)–(d) correspond to the Interact
dataset (KDE and histogram, respectively).
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Figure A.3 shows the KDE and histogram of fractal dimensions for the Geolife
dataset, highlighting the performance of the Interact_finetuned model with Beijing
road network integration to evaluate cross-city transferability. After applying road
network integration, the number of synthetic trajectories with fractal dimensions in
the 0.4–0.6 range decreases, bringing the distribution closer to the real dataset, while
trajectories with fractal dimensions above 0.6 increase, better aligning the synthetic
data with the patterns observed in actual trajectories.

Figure A.3: KDE and histogram of fractal dimension computed on the Geolife dataset,
comparing real Geolife trajectories with synthetic trajectories generated by different
models. (a)–(b) correspond to the Geolife dataset with synthetic trajectories gener-
ated by the Geolife-pretrained model and its Roadmap post-processing variant (KDE
and histogram, respectively), while (c)–(d) correspond to the Geolife dataset with
synthetic trajectories generated by the Interact-finetuned model and its Roadmap
post-processing variant (KDE and histogram, respectively).
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Figure A.4 presents examples of trajectories after Beijing road network integration.
Blue dots indicate the original synthetic waypoints, while red dots show the mapped
trajectories. In Figure A.4a, mapping introduces zig-zags to align with the nearest
roads. Figure A.4b illustrates a short, simple trajectory being mapped onto complex
roads, including overpasses and ring roads, resulting in a higher fractal dimension.

(a) (b)

Figure A.4: Examples of trajectories after Beijing road network mapping. Blue dots
are original synthetic waypoints, and red dots are the mapped trajectories.

A.2 ReFGeM Feature Distribution Plots

Figures A.5–A.12 show the distributions of ReFGeM features for synthetic trajectories
generated by all model variants trained or fine-tuned on the Interact datasets. Fea-
tures include multi-scale entropy coefficients (C1–C5), buffer area, convex hull, and
fractal dimension. All features except fractal dimension use log–log scales; fractal
dimension is linear. Subfigures are organized in three rows (Geolife top, Interact-VIC
middle, Interact-MTL bottom) and seven columns (original data, Geolife_trained
synthetic, VIC_trained synthetic, VIC_finetuned synthetic,MTL_trained synthetic,
MTL_finetuned synthetic), Combine_trained. Synthetic trajectories capture some
real-data patterns, but discrepancies remain. C1–C4 show bi-modal distributions re-
flecting dwell and trip states; in C1–C4, the relative height of low-value bars and small
scale indicate dominance of C5, representing dwell time. The Combine_trained model
reproduces spatial and geometric features effectively, particularly for the Geolife syn-
thetic dataset. For example, the buffer area and convex hull of the Geolife test set
follow an approximately log-uniform distribution; the Geolife_trained model fails to
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capture this distribution accurately, whereas the Combine_trained model reproduces
it well.

Figure A.5: ReFGeM feature distribution: C1. Values outside the 2nd–98th per-
centiles are removed as outliers.

Figure A.6: ReFGeM feature distribution: C2. Values outside the 2nd–98th per-
centiles are removed as outliers.
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Figure A.7: ReFGeM feature distribution: C3. Values outside the 2nd–98th per-
centiles are removed as outliers.

Figure A.8: ReFGeM feature distribution: C4. Values outside the 2nd–98th per-
centiles are removed as outliers.

Figure A.9: ReFGeM feature distribution: C5. Values outside the 2nd–98th per-
centiles are removed as outliers.
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Figure A.10: ReFGeM feature distribution: Buffer Area. Values outside the 2nd–98th
percentiles are removed as outliers.
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Figure A.11: ReFGeM feature distribution: Convex Hull Volume. Values outside the
2nd–98th percentiles are removed as outliers.

Figure A.12: ReFGeM feature distribution: Fractal Dimension. Values outside the
2nd–98th percentiles are removed as outliers.
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A.3 Model Parameters

Table A.1 lists the parameters of the Noise-TrajGAN model, following the implemen-
tation in [9]. Table A.2 summarizes the parameters of GeoTrajGAN and its WGAN-
LP variant, which was tested to mitigate mode collapse, also based on [9]. Table A.3
details the configurations of all DiffTraj models and their variants, including the un-
conditional DiffTraj trained on Geolife, the 8-stat DiffTraj trained from scratch on Ge-
olife(Geolife_trained), Interact-VIC(VIC_trained), Interact-MTL( MTL_trained), a
model trained on the combined Geolife, Interact-VIC, and Interact-MTL datasets
(Combine_trained) , and the fine-tuned version on Interact-VIC (VIC_finetuned)
and Interact-MTL (MTL_finetuned). These implementations follow [10].
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Table A.1: Model Parameters (Noise_TrajGAN)

Parameter Value
Model Name Noise_TrajGAN_GEOLIFE
Features [latlon, hour, day]
Latent Dim 100
Noise Dim 100
Gradient Penalty True
Lipschitz Penalty True
Use Regularizer True
WGAN Mode True
Differential Privacy False

Embedding Layers
latlon Linear(2 → 64) + ReLU
hour Linear(24 → 24) + ReLU
day Linear(7 → 7) + ReLU
Feature Fusion Linear(95 → 100) + ReLU

Generator
Fusion Layer Linear(100 → 100) + ReLU
LSTM LSTM(100, 100, batch_first=True)
Output (latlon) Linear(100 → 2) + Tanh
Output (hour) Linear(100 → 24) + Softmax
Output (day) Linear(100 → 7) + Softmax
Loss Function TrajLoss(BCELoss)
Optimizer AdamW(lr=0.001, betas=(0.5,0.999), weight_decay=0.01)

Discriminator
Embedding Layers Same as Generator
Feature Fusion Linear(95 → 100) + ReLU
LSTM LSTM(100, 100, batch_first=True)
Output Layer Linear(100 → 1)
Loss Function BCEWithLogitsLoss()
Optimizer AdamW(lr=0.001, betas=(0.5,0.999), weight_decay=0.01)
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Table A.2: Configurations of GeoTrajGAN and GeoTrajGAN-WGAN-LP Parameters

Parameter GeoTrajGAN GeoTrajGAN-WGAN-LP
Generator
n_dim 2 2
Uses PointNet True True
Code Size 256 256
Normalization NormOption.LAYER NormOption.LAYER
Activation ReLU() ReLU()
Mode linear linear
Sequential Mode True True
Use LSTM True True
LSTM Latent Dim 64 64
Bidirectional LSTM True True
Merge Mode sum sum
Optimizer AdamW(lr=1e-05, betas=(0.5,0.999)) AdamW(lr=1e-05, betas=(0.5,0.999))
Loss Function BCEWithLogitsLoss() WGAN
Discriminator
n_dim 2 2
Uses STN True True
Code Size 256 256
Normalization NormOption.LAYER NormOption.LAYER
Activation ReLU() ReLU()
Mode linear linear
Sequential Mode True True
LSTM at Start False False
LSTM Latent Dim 64 64
Bidirectional LSTM True True
Merge Mode sum sum
Optimizer AdamW(lr=1e-05, betas=(0.5,0.999)) AdamW(lr=1e-05, betas=(0.5,0.999))
Trajectory Critic True True
Trajectory STN False False
Shared PointNet False False
Loss Function BCEWithLogitsLoss() WGAN-LP
lambda_gp (GP Multiplier) Not applicable 10



55

Table A.3: Full configuration of Set of DiffTraj models on Geolife and Finetuned on
Interact datasets.

Category / Parameter Uncond_DiffTraj_GEOLIFE GEOLIFE/VIC/MTL/Combine_Trained VIC/MTL_Finetuned

General Settings

Dataset Geolife Geolife/Interact-VIC/Interact-MTL/Combine Interact-VIC/Interact-MTL
Model type DiffTraj (unconditional) DiffTraj (conditional) DiffTraj (conditional)
Batch size 1024 1024 1024
K-fold 5 5 5
Seed 42 42 42
GPU 0 0 0
Gradient clip norm 1.0 1.0 1.0
EMA False False False

Model Architecture

Input channels 2 2 2
Base channels (ch) 128 128 128
Channel multiplier (ch_mult) (1, 2, 2, 2) (1, 2, 2, 2) (1, 2, 2, 2)
Residual blocks 2 2 2
Dropout 0.1 0.1 0.1
Attention resolutions (16) (16) (16)
Attribute dimension 8 8 8
Output channels 2 2 2
Guidance scale 3 3 3

Diffusion Process

Beta schedule Linear Linear Linear
βstart 0.0001 0.0001 0.0001
βend 0.05 0.05 0.05
Diffusion timesteps 500 500 500
Generation timesteps 100 100 100
η 0.0 0.0 0.0

Optimizer

Optimizer type AdamW AdamW AdamW
Learning rate 2e-4 2e-4 2e-5
Betas (0.9, 0.999) (0.9, 0.999) (0.9, 0.999)
Weight decay None None None

Conditional Information

Conditional False True True
Embedding type — Integrated FC Integrated FC
Embedding dimension — 512 512
Hidden dimension — 256 256
Noise type — Gaussian Gaussian
Noise schedule — Enabled Enabled
Clipping type — Norm clipping Norm clipping
Max norm — 1.0 1.0
Epsilon (ϵ) — 1.0 1.0
Delta (δ) — 0.0 0.0
Location — Hidden Hidden
Source — DiffTraj DiffTraj
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A.4 GeoTrajGAN Mode Collapse Experiment

To address the mode collapse observed in GeoTrajGAN, I replaced the original Bi-
nary Cross-Entropy (BCE) loss with a WGAN-LP (Wasserstein GAN with Lipschitz
penalty) loss [49]. However, this modification did not improve model performance;
in fact, the generated points became more concentrated near boundaries and over-
all more scattered. Additional trials and hyperparameter tuning might alleviate this
issue, but exploring these solutions is beyond the scope of this work.

Figure A.13 illustrates a comparison of outputs between the original GeoTrajGAN
and the WGAN-LP variant, alongside the real Geolife trajectories.

(a) Geolife dataset (b) GeoTrajGAN (c) GeoTrajGAN_WGAN-LP

Figure A.13: Random samples of 5,000 trajectories from the Geolife dataset and
synthetic trajectories generated by GeoTrajGAN and its WGAN-LP variant. The
background displays the road network of Beijing. (a) Real Geolife trajectories, (b)
GeoTrajGAN outputs, (c) GeoTrajGAN_WGAN-LP outputs.
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