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 a b s t r a c t

Trajectory data consists of sequential GPS points recording geographical movement behaviors, constituting fun-
damental resources for urban analytics. However, publicly accessible trajectory datasets remain scarce or privacy-
encumbered. Prevailing generative methodologies often fail to adhere to trajectory-specific constraints or neces-
sitate granular segment-level annotations to guide the generative process. Herein, we present SemTraj, a novel 
diffusion-Transformer framework engineered to synthesize voluminous, high-fidelity, and diverse trajectories 
conforming to trajectory semantic constraints such as origin and destination. Central to SemTraj is a Trajectory 
Denoising Transformer that integrates a novel Semantic-Adaptive Layer Normalization for fine-grained condi-
tioning, alongside an adaptive resampling strategy that adjusts position encoding while preserving temporal 
fidelity and optimizing computational efficiency. We rigorously evaluate SemTraj on three diverse real-world 
datasets, demonstrating its superior fidelity and controllability compared to existing methods.

1.  Introduction

Trajectories, timestamped sequences of GPS points tracing entity 
movements, have become indispensable for urban analytics and facili-
tate diverse applications ranging from travel-time estimation (Zhu et al., 
2022) and origin-destination (OD) flow analysis (Shi et al., 2020) to 
public-safety operations like criminal path reconstruction and shared-
bicycle deployment strategy (Chekol & Fufa, 2022). To develop and 
thoroughly evaluate models that capture the full range of spatiotem-
poral dynamics, researchers need large, high-quality trajectory datasets 
that reflect diverse mobility patterns. However, creating such datasets is 
often challenging due to strict privacy regulations, high data collection 
costs, and restrictions on data sharing (Jiang et al., 2021a,b). As a result 
of this data scarcity, many studies have focused on trajectory modeling 
and synthetic data generation. Yet real-world trajectories vary widely 
due to differences in individual behavior and contextual factors such as 
road network layouts and traffic conditions. This variability makes ac-
curate modeling and realistic data synthesis particularly difficult (Chen 
et al., 2022; Li et al., 2021).

Trajectory synthesis has emerged as a promising approach, using 
generative frameworks (e.g., GANs Rao et al., 2020; Xi et al., 2018, VAEs 
Xia et al., 2018, diffusion models Wei et al., 2024; Zhu et al., 2023) to 
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generate synthetic trajectories that closely resemble real-world distribu-
tions. Attribute-driven trajectory generation focuses on using specific, 
domain-relevant attributes, such as origin-destination pairs and depar-
ture times, to produce trajectories that match these attributes. However, 
most existing methods rely heavily on detailed input specifications, in-
cluding ordered road segment identifiers, velocity profiles, or full way-
point sequences, to guide the generation process (Feng et al., 2020; 
Wang et al., 2021). In practice, such detailed information is rarely avail-
able in advance. For instance, criminal investigators often only have ac-
cess to OD pairs when analyzing suspect movements, and bike-sharing 
services typically base deployment decisions based on OD demand pat-
terns rather than precise routing. As a result, there remains a significant 
gap between the trajectory-defining attributes required by prior models 
and the limited but realistic data available for real-world applications.

In this paper, we present SemTraj, a trajectory generation model 
based on diffusion that relaxes the requirement for excessive trajec-
tory attributes. It enables high-fidelity generation by conditioning solely 
on OD pairs and departure times, as shown in Fig. 1. To introduce 
conditional guidance effectively, we propose a semantic-adaptive layer 
normalization mechanism. By unleashing the dependency on prior 
road-segment information, SemTraj can generate realistic trajectories 
even when intermediate waypoints or speed profiles are unavailable.
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Fig. 1. (a) Generate trajectories but do not match the semantic attributes. (b) 
High-fidelity and semantic-controllable generation.

Additionally, an adaptive resampling module further enhances perfor-
mance by dynamically adjusting sequence position encodings. This al-
lows for faster training and inference while preserving the fidelity of the 
generated trajectories.

Our main contributions are as follows:

• We propose SemTraj that synthesizes trajectories based on given se-
mantic attributes (origin-destination and departure time). The gen-
erated data follows the distribution of real-world trajectories without 
requiring road segment information and other commonly used prior 
but practically unavailable information, like average speed and total 
distance.

• We develop an adaptive resampling strategy to align position encod-
ing with resampled trajectories, reducing information loss and ac-
celerating generation. During inference, a lightweight length gener-
ator predicts trajectory length from semantic attributes to guide po-
sitional encoding and restore temporal resolution after resampling.

• We empirically validate SemTraj utilizing three real-world datasets. 
The results demonstrate superior performance in generating high-
fidelity trajectory data with respect to the baseline state of the art.

2.  Related work

In this section, we provide a brief overview of previous research on 
generative models and conditional generation techniques, with their po-
tential applications for mobility analysis. Our discussion emphasizes dif-
fusion models, owing to their outstanding performance when compared 
to other contemporary generative modeling paradigms.

2.1.  Diffusion model

As a cutting-edge data generation technique, diffusion models have 
demonstrated strong capabilities in producing high-quality data (Ho 
et al., 2020; Sohl-Dickstein et al., 2015; Song et al., 2020b). The diffu-
sion model operates through two main processes: the forward process, 
where noise is gradually added to the original data, and the reverse pro-
cess, where the model learns to recover the original data from the noisy 
input. Several advancements have been introduced to improve both the 
speed and quality of generation. For instance, the Denoising Diffusion 
Implicit Model (DDIM) (Song et al., 2020a) accelerates sampling using a 
non-Markovian process. Learning variance schedules in the reverse pro-
cess has also been shown to speed up generation with minimal loss in 
sample quality (Nichol & Dhariwal, 2021). Diffusion models have also 
been applied to spatiotemporal data. For example, DiffTraj (Zhu et al., 
2023) employs the diffusion model combined with a U-Net architecture 
to generate trajectory data. ControlTraj (Zhu et al., 2024) extends this 
approach by adding topology constraints to improve data quality, while 
Diff-RNTraj (Wei et al., 2024) introduces a pretraining module focused 
on road segment representations. More recently, Transformer-based dif-
fusion frameworks have leveraged self-attention mechanisms to model 

long-range dependencies, enabling scalable and high-fidelity data syn-
thesis across a variety of domains (Peebles & Xie, 2023).

2.2.  Conditional generation

Conditional data generation has attracted increasing attention due 
to its ability to incorporate external information and produce controlled 
outputs. Two common approaches are Conditional Generative Adversar-
ial Networks (CGANs) (Mirza, 2014) and Conditional Variational Au-
toencoders (CVAEs) (Lee et al., 2017). These models extend their orig-
inal forms (GANs and VAEs) by accepting auxiliary inputs (e.g., class 
labels or attributes) to guide the generation process toward desired out-
comes. Conditional generation is particularly useful for addressing class 
imbalance and data scarcity by generating more samples for underrepre-
sented categories. For example, Das et al. (2022) combines a conditional 
normalizing flow with a downstream classifier, using feedback from the 
classifier to improve the quality of synthetic data related to pandemics. 
In conditional diffusion models, guidance is typically introduced by ei-
ther appending attribute embeddings to intermediate representations 
(Zhu et al., 2023) or integrating attribute tokens via cross-attention lay-
ers (Peebles & Xie, 2023; Rombach et al., 2022). These techniques im-
prove both controllability and the fidelity of the generated samples (Cao 
et al., 2024), allowing the model to effectively follow the semantic at-
tributes and generate the intended outputs.

2.3.  Applications in mobility analysis

The generation of high-fidelity, controllable trajectory data is not 
an isolated goal but is deeply motivated by and contributes to several 
key areas in mobility research. In Mobile Crowd Sensing and Comput-
ing (MCSC), which leverages participatory sensing and mobile social 
data for large-scale, cross-space sensing (Guo et al., 2015), generating 
realistic mobility traces is vital for simulating human-in-the-loop sys-
tems and testing novel paradigms. Similarly, research in spatial context 
inference directly utilizes mobility patterns to enrich applications. For 
instance, clustering WiFi access point visitation patterns can extract spa-
tial context to significantly improve the performance of bandit-based 
recommendation systems (Gutowski et al., 2019), while check-in tra-
jectories from Location-Based Social Networks (LBSNS) can be modeled 
to discover local geographic topics for personalized recommendations 
(Long et al., 2012). Our semantically controllable generation provides 
a valuable tool for creating simulated mobility data to stress-test such 
context-aware algorithms under diverse and specific conditions.

Furthermore, trajectory generation is fundamentally connected to 
large-scale human mobility prediction. A core task in this domain is 
learning powerful representations from trajectory data (Gutowski et al., 
2017), often achieved through methods like trajectory embeddings to 
identify and model human mobility patterns (Gao et al., 2017). The 
field of pedestrian trajectory prediction, critical for autonomous systems 
and robotics, continuously evolves with new models that require exten-
sive, diverse data for training and validation, as noted in recent com-
prehensive surveys (Zaier et al., 2025). By producing variable-length, 
semantically anchored trajectories, our work offers a scalable data syn-
thesis foundation that can support the development and benchmarking 
of next-generation prediction and embedding models across these inter-
connected areas.

3.  Preliminaries

In this section, we define the problem, introduce core concepts, and 
review the diffusion probabilistic model.

3.1.  Problem definition

Definition 1  (GPS Trajectory). Formally, a GPS trajectory  is defined 
as a temporally ordered sequence of GPS points  = {𝑝1,… , 𝑝𝑚}. Each 
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point 𝑝𝑖 ∈  is represented as a triplet 𝑝𝑖 = ⟨lon𝑖, lat𝑖, 𝑡𝑖⟩, where lon𝑖 and 
lat𝑖 denote the longitude and latitude, respectively, at time step 𝑡𝑖. The 
triplet 𝑝𝑖 thus encapsulates the spatial coordinates and the timestamp 
for the 𝑖th point in the trajectory. 
Definition 2  (Semantic Attribute). Semantic attribute 𝑐 is a compact 
representation of contextual information used to steer trajectory syn-
thesis. We specify 𝑐 = (𝑂, 𝐷, 𝑡dep), where 𝑂 is the origin location (start 
point), 𝐷 is the destination location (end point), and 𝑡dep is the depar-
ture time. During conditional generation, 𝑐 is embedded into the model 
to guide the sampling process such that generated trajectories begin at 
𝑂, terminate at 𝐷, and reflect temporal patterns associated with 𝑡dep. 
Problem 1  (Trajectory Generation). Given a dataset of real-world GPS 
trajectories  = {1,2,… ,𝑛}, where each 𝑖 = {𝑝𝑖1,… , 𝑝𝑖𝑚} consti-
tutes an individual trajectory, and the corresponding semantic attribute 
set of 𝑁 trajectories 𝐂 = {𝑐𝑘}𝑁 . The objective is to train a generative 
model 𝐆 which is tasked with generating a set of synthetic trajectories 
̃ = 𝐆(𝐂). The generated trajectories are required to exhibit a data dis-
tribution statistically similar to that of  . Moreover, the generation pro-
cess must be effectively controlled by the provided semantic attribute 
set 𝐂.

3.2.  Diffusion probabilistic model

In practice, the training process of the diffusion model can be sum-
marized as learning the Gaussian noise 𝜖𝜃 and minimizing the mean 
squared error (MSE) between the predicted noise 𝜖𝜃(𝑋𝑡) and the true 
noise 𝜖𝑡, which is sampled from a Gaussian distribution:

min
𝜃

(𝜃) = min
𝜃

E𝑡,𝑋0∼𝑞
‖

‖

‖

𝝐𝑡 − 𝝐𝜃
(

𝑋𝑡, 𝑡
)

‖

‖

‖

2

2
, (1)

where 𝝐𝑡 is the true noise for time step 𝑡.
Diffusion models have emerged as powerful generative frameworks 

across domains such as image, text, and audio synthesis (Ho et al., 2020; 
Saharia et al., 2022; Song et al., 2020a). Compared to GANs and VAEs, 
they offer greater training stability and generation quality.

A diffusion model defines a forward process that gradually adds noise 
to data, and a reverse process that learns to denoise and reconstruct the 
original sample.

3.2.1.  Forward process
Given original data denoted as 𝑋0, the forward diffusion process is 

characterized by the progressive addition of Gaussian noise over 𝑇  dis-
crete steps. This process is formally structured as a Markov chain, de-
fined as:

𝑞(𝑋1∶𝑇 |𝑋0) =
𝑇
∏

𝑡=1
𝑞(𝑋𝑡|𝑋𝑡−1), (2)

𝑞(𝑋𝑡|𝑋𝑡−1) =  (𝑋𝑡;
√

1 − 𝛽𝑡𝑋𝑡−1, 𝛽𝑡𝐈), (3)

where 𝐈 represents the identity matrix and 𝛽𝑡 ∈ (0, 1)𝑇𝑡=1 is a sequence of 
variances. To enable differentiability and facilitate gradient-based opti-
mization, the reparameterization trick is typically employed (Ho et al., 
2020). This technique allows for the expression of 𝑋𝑡 in terms of 𝑋0 and 
a noise term, specifically, 𝑋𝑡 =

√

𝛼̄𝑡𝑥0 +
√

1 − 𝛼̄𝑡𝜖𝑡, where 𝜖𝑡 ∼  (0, 𝐈)
and 𝛼̄𝑡 =

∏𝑡
𝑖=1(1 − 𝛽𝑖).

3.2.2.  Reverse process
In the reverse process, the generative model is trained to approxi-

mate the reverse Markov chain and reconstruct the original data distri-
bution from pure noise. The initial state of the reverse process is given 
by sampling from a standard Gaussian distribution, 𝑋𝑡 ∼  (0, 𝐈). Anal-
ogous to the forward process, the reverse process is also formulated as 
a Markov chain:

𝑝𝜃(𝑋0∶𝑇 ) = 𝑝(𝑋𝑇 )
𝑇
∏

𝑡=1
𝑝𝜃(𝑋𝑡−1|𝑋𝑡), (4)

𝑝𝜃(𝑋𝑡−1|𝑋𝑡) =  (𝑋𝑡−1;𝜇𝜃(𝑋𝑡, 𝑡), 𝜎𝜃(𝑋𝑡, 𝑡)2𝐈), (5)

where 𝜇𝜃(𝑋𝑡, 𝑡) and 𝜎𝜃(𝑋𝑡, 𝑡) are the mean and variance functions, respec-
tively, parameterized by 𝜃. Following the reparameterization technique 
(Ho et al., 2020), for any 𝛽𝑡 = 1−𝛼̄𝑡−1

1−𝛼̄𝑡
𝛽𝑡 (𝑡 > 1) and 𝛽1 = 𝛽1, the parameters 

𝜇𝜃 and 𝜎𝜃 are specified as:

𝜇𝜃(𝑋𝑡, 𝑡) =
1

√

𝛼𝑡
(𝑋𝑡 −

𝛽𝑡
√

1 − 𝛼̄𝑡
𝜖𝜃(𝑋𝑡, 𝑡)), (6)

𝜎𝜃(𝑋𝑡, 𝑡) =
√

𝛽𝑡. (7)

4.  SemTraj framework

In this section, we introduce the proposed model, SemTraj, for gen-
erating high-fidelity and semantic-controllable trajectories. We propose 
an efficient framework for traffic trajectory generation. The following 
details outline the design of SemTraj.

4.1.  SemTraj overview

The SemTraj framework, as illustrated in Fig. 2, is designed to gen-
erate high-fidelity, semantically-controllable trajectories by processing 
raw inputs through a structured pipeline. Specifically, SemTraj aims to 
learn a conditional generative model 𝑝𝜃(𝐗0 ∣ 𝑐), where 𝐗0 ∈ ℝ𝐿×2 de-
notes the target trajectory and 𝑐 represents the semantic condition. Dur-
ing training, raw trajectories are first adaptively resampled and per-
turbed with random noise, conditioned on semantic attributes such as 
origin, destination, and departure time. These noisy sequences are then 
iteratively refined by a Trajectory Denoising Transformer, which learns 
a conditional denoising function 𝜃(𝐗𝑡, 𝑐, 𝑡) to recover the underlying 
clean trajectory distribution. In parallel, a conditional VAE-based length 
generator 𝑝𝜙(𝐿 ∣ 𝑐) is trained to model the distribution of trajectory 
lengths based on semantic inputs. While this component does not influ-
ence training-time resampling, it plays a key role during inference: since 
generation starts from random noise, the predicted length 𝐿̂ is used to 
determine position encodings and resolution via adaptive resampling. 
By combining iterative denoising with semantic conditioning, SemTraj 
produces realistic trajectories that adhere to both spatial and temporal 
constraints, making it well-suited for downstream applications.

4.2.  TDFormer block

SemTraj is designed as a denoising framework that aims to develop a 
neural network capable of accurately estimating and removing the noise 
component 𝜖𝜃(𝑋𝑡, 𝑡) at each diffusion timestep 𝑡, transforming pure noise 
into meaningful trajectories. To achieve this, we introduce the Trajec-
tory Denoising Transformer (TDFormer) block, a novel architecture that 
combines Semantic-Adaptive Layer Normalization (SALN) with Multi-
Head Self-Attention (MHSA). This design enables precise modeling of 
trajectory-specific attributes and captures the underlying spatiotempo-
ral patterns. The SALN module introduces conditional guidance by dy-
namically adjusting normalization parameters based on the trajectory’s 
semantic context. Meanwhile, the MHSA mechanism effectively cap-
tures internal dependencies within the trajectory sequence, allowing the 
model to learn meaningful spatial and temporal relationships. Specifi-
cally, MHSA focuses on modeling pairwise interactions among trajectory 
points to capture fine-grained spatial and temporal correlations, while 
SALN modulates feature statistics at the layer level, allowing global se-
mantic conditions to consistently influence the denoising process across 
all layers. TDFormer parameterizes the conditional denoising operator 
by jointly capturing local geometric variations and long-range trajec-
tory dependencies, which are both essential for reconstructing move-
ment patterns from noise.
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Fig. 2. Network structure of SemTraj. (a) SemTraj Overview. (b) TDFormer Block.

Fig. 3. Adaptive resampling Strategy. (a) Length Normalization. (b) Informa-
tion Compensation.

4.2.1.  Semantic adaptive layer normalization
The SALN module operates through a scale-and-shift mechanism. It 

uses learnable scale (𝑨) and shift (𝑩) parameters, which are conditioned 
on both the diffusion timestep 𝑡 and the semantic attribute 𝑐. In addition, 
we introduce dimension-wise scaling parameters (𝑴), which are ap-
plied just before the residual connections in each TDFormer block. This 
mechanism effectively works as a semantic-aware gating strategy, al-
lowing the network to adaptively regulate the contribution of attention 
and feed-forward transformations under different semantic and tempo-
ral conditions. These parameters control the influence of each module’s 
output, enabling dynamic adjustment of its contribution to the final rep-
resentation. Moreover, zero-initialization of the final batch normaliza-
tion scale factor 𝒂 in each TDFormer block is employed to expedite large-
scale training procedures, particularly in supervised learning scenarios. 
Zero-initialization strategy ensures that each TDFormer block initially 
behaves as an identity mapping, which stabilizes early-stage diffusion 
training where noise levels are high and prevents premature overfitting 
to semantic signals.

The SALN is defined as follows:

SALN(𝑯 𝒊) = 𝐴𝑖 ⊙ 𝑯 𝒊 − E[𝑯 𝒊]
√

Var(𝑯 𝒊) + 𝜖
+ 𝐵𝑖 (8)

𝑨𝑖 = 𝑾 𝑖
𝑎 ⋅ 𝒄, 𝑩𝑖 = 𝑾 𝑖

𝑏 ⋅ 𝒄, 𝑴 𝑖 = 𝑾 𝑖
𝑚 ⋅ 𝒄, (9)

where 𝑯 𝑖 is the input of 𝑖th TDFormer block. E[𝑯 𝒊] and Var(𝑯 𝒊) rep-
resent the mean and variance calculated per channel respectively. 𝜖 is 
a small constant used for training stability. 𝑴 𝑖 is dimension-wise scale 
factor, 𝑨𝑖 and 𝑩𝑖 are scale and shift factors respectively. The computa-
tional flow of these parameter interactions is formally described by the 
equations below:
𝒉𝑖+1 =𝑴 𝑖

1 ⋅MHSA(SALN(𝑯 𝑖)) +𝑯 𝑖, (10)

𝑯 𝑖+1 =𝑴 𝑖
2 ⋅ FFN(SALN(𝒉

𝑖+1)) + 𝒉𝑖+1, (11)

where 𝑯 𝑖+1 is the output of 𝑖th TDFormer block and FFN denotes Feed 
Forwad Network, as illustrated in Fig. 2.

This layer-wise processing enables the model to progressively re-
fine its trajectory representations, at each step capturing richer spatio-
temporal dependencies while integrating the external semantic at-
tribute. The refinement is particularly well-suited to the diffusion set-
ting, as early layers focus on recovering coarse global structure, while 
deeper layers refine local route variations under semantic guidance.

4.3.  Adaptive resampling strategy

As depicted in Fig. 3, the adaptive resampling module comprises 
three key components: length normalization, information compensa-
tion, and length generator. Adaptive resampling establishes an explicit 
mapping between variable-length real trajectories and fixed-length la-
tent representations, enabling the efficient diffusion process while pre-
serving temporal fidelity.

4.3.1.  Length normalization
Real-world trajectories vary in length, but Transformer models re-

quire fixed-length inputs for computational efficiency. We resample 
each map-matched trajectory ̂ to a fixed length 𝐿 via linear interpola-
tion as previous studies do Zhu et al. (2023, 2024): 
̂ ′ = AR(̂ , 𝐿), (12)

where ̂ ′ is the resampled trajectory. The length 𝐿 is a predefined hy-
perparameter, typically set based on dataset statistics (e.g., the average 
or maximum trajectory length) during preprocessing. The normaliza-
tion maps the original continuous trajectory domain onto a normalized 
space of fixed length 𝐿, thereby standardizing the input resolution for 
subsequent attention-based modeling.

4.3.2.  Information compensation
While adaptive resampling effectively reduces computational over-

head, it inherently introduces the potential for information loss, espe-
cially in long-distance trajectories where intermediate points are omit-
ted. To mitigate this, we employ an Information Compensation (IC) 
mechanism by updating positional encodings. We adjust the positional 
encoding to reflect the resampled trajectory and maintain temporal ac-
curacy. The updated positional encoding is calculated as:

𝑃𝐸(𝑝𝑜𝑠𝐿 ,2𝑖) = sin
(

𝐿
𝑙0

⋅
𝑝𝑜𝑠

100002𝑖∕𝑑model

)

, (13)

𝑃𝐸(𝑝𝑜𝑠𝐿 ,2𝑖+1) = cos
(

𝐿
𝑙0

⋅
𝑝𝑜𝑠

100002𝑖∕𝑑model

)

, (14)
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where 𝑙0 is the original trajectory length, 𝑝𝑜𝑠 is the original position, 
and 𝑝𝑜𝑠𝐿 = 𝑝𝑜𝑠 ∗ 𝑙0∕𝐿 is the adjusted position for the fixed length 𝐿. The 
scaling factor 𝑙0𝐿  explicitly restores the relative temporal intervals of the 
original trajectory within the fixed-length representation, ensuring po-
sitional encodings accurately represent time intervals in the resampled 
trajectory. IC preserves temporal information and improves model pro-
cessing of resampled data. Besides, IC is critical for attention layers, as 
it allows attention weights to reflect true temporal proximity between 
trajectory points, even after length normalization.

4.3.3.  Length generator
To enable adaptive resampling during inference where ground-truth 

trajectory lengths are unavailable, we introduce a lightweight condi-
tional variational autoencoder (CVAE)-based Length Generator. For-
mally, the length generator models the conditional distribution 𝑝(𝑙0 ∣
𝑂,𝐷, 𝑡dep), enabling length-aware trajectory synthesis without access to 
ground-truth durations at inference time. Given the semantic attribute 
(𝑂,𝐷, 𝑡dep), it predicts the real trajectory length 𝑙0 to guide both resam-
pling and positional encoding. The CVAE consists of a 4-layer MLP en-
coder and decoder. During training, it learns the conditional distribution 
of real-world trajectory lengths. Although not used for resampling dur-
ing training (as actual lengths are known), the predicted 𝑙0 is crucial at 
inference time: (1) it defines the resolution for resampling positional en-
codings from random noise inputs, and (2) it is used in post-processing 
to restore the model’s fixed-length output (of length 𝑙0) to a realis-
tic temporal length. This setup balances the need for variable-length
trajectory generation with efficient training, made possible by fixing the 
generated sequence length to 𝑙0.

Overall, the adaptive resampling strategy decouples sequence length 
modeling from spatial trajectory generation, enabling scalable diffusion 
training while preserving realistic temporal structure.

4.4.  Trajectory generation

Based on TDFormer, trajectory-defining attributes 𝑐, and the adap-
tive resampling strategy, SemTraj is outlined with the following training 
and generating processes:

4.4.1.  Training
The goal of training is to predict the noise at a given diffusion time 

step 𝑡 and semantic attribute 𝑐. The optimization objective is to min-
imize the mean square error between real noise and predicted noise, 
represented as: 

min
𝜃

(𝜃) = min
𝜃

E𝑐,𝑡,𝑋0∼𝑞
‖

‖

‖

𝜖𝑡 − 𝜖𝜃
(

𝑋𝑡, 𝑡, 𝑐
)

‖

‖

‖

2

2
, (15)

4.4.2.  Generation
During sampling, we start with 𝑋𝑇 ∼  (0, 𝐈), a Gaussian noise ini-

tialization. The trajectory is then recursively sampled via the learned 
reverse process: 𝑋𝑡−1 ∼ 𝑝𝜃(𝑋𝑡−1|𝑋𝑡), modeling the transition from 𝑋𝑡 to 
𝑋𝑡−1. The reparameterization trick ensures that the model can generate 
samples by backpropagating through the noise addition process.

4.4.3.  Noise scheduling
We adopt the linear noise schedule 𝛽𝑡 which increases uniformly 

from 𝛽1 to 𝛽𝑇 . Its deterministic and monotonic nature provides a sta-
ble and predictable denoising trajectory. The key to balancing global 
consistency and local variation lies not solely in the schedule but in the 
capacity of TDFormer and the SALN. During the early reverse steps, the 
input is dominated by noise, and the model must rely heavily on the 
strong semantic guidance from SALN to predict the overall direction 
from origin to destination, establishing global consistency. As denoising 
progresses and noise decreases, the input signal becomes clearer, al-
lowing the TDFormer’s self-attention mechanism to focus on recovering 
finer local variations and the nuanced correlations between consecutive 

Table 1 
Statistics of the real-world trajectory datasets.
 Dataset  Chengdu  Xi’an  Porto
 Trajectory Number 3 731 344 2 255 474 1 414 164
 Average Time 13.51min 16.11min 12.19min
 Average Distance 3.56 km 3.49 km 3.96 km
 Sampling Interval 3 s 3 s 15 s

points, all while remaining anchored by the persistent semantic condi-
tioning. Thus, the linear schedule provides a structured noise reduction 
path, and our network architecture is explicitly designed to leverage 
different stages of this path to capture both macro and micro patterns.

5.  Experiments

In this section, we first describe the experimental settings, includ-
ing datasets, baselines, evaluation metrics, and hyperparameters. Then, 
we conduct comprehensive experiments on real-world datasets to eval-
uate the performance of the proposed method, SemTraj, and address the 
following research questions:

• RQ1: Does the trajectory data generated by SemTraj demonstrate 
superior fidelity while maintaining the data distribution compared 
to state-of-the-art methods?

• RQ2: Can SemTraj be effectively controlled by the given semantic 
attributes?

• RQ3: How does SemTraj ensure geographically feasible trajectory?
• RQ4: How does the adaptive resampling strategy influence the bal-
ance between computational efficiency and temporal fidelity in tra-
jectory generation?

• RQ5: How does each module in SemTraj contribute to the overall 
generation performance?

• RQ6: How does SemTraj perform with model scaling and dataset 
scaling?

5.1.  Experimental settings

5.1.1.  Datasets
We evaluate SemTraj with various state-of-the-art baselines on three 

real-world datasets, which consist of daily taxi trajectories collected over 
a month in the cities of Chengdu, Xi’an,1 and Porto,2 encapsulating di-
verse urban mobility dynamics. Table 1 presents the statistical overview 
of these datasets. All data is de-identified before use.

5.1.2.  Baselines
We compare the proposed SemTraj with state-of-the-art generative 

methods described as follows:

• CVAE (Ding et al., 2020): A conditional variational autoencoder con-
sisting of four convolutional layers and two linear layers, trained 
with semantic attributes. The decoder generates new trajectory sam-
ples based on learned representations.

• CGAN (Mirza, 2014): A conditional GAN architecture with four con-
volutional and two linear layers. It uses semantic attributes during 
training, where the generator produces synthetic samples and the 
discriminator distinguishes real from fake. The trained generator is 
used for trajectory generation.

• DiffWave (Kong et al., 2020): A Wavenet-based diffusion model that 
uses 16 residual blocks with bi-directional dilated convolutions and 
1D CNNs. It generates sequences using sigmoid and tanh activation 
functions.

1 https://outreach.didichuxing.com/
2 https://www.kaggle.com/datasets/crailtap/taxi-trajectory/
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Table 2 
Performance comparison of different generative models.
 Dataset  Metrics  CVAE  CGAN  DiffWave  MDM  DiffTraj  Diff-RNTraj  ControlTraj  SemTraj

Chengdu

 Density (↓)  0.0583  0.0442  0.0136  0.0046  0.0051  0.0371 0.0031  0.0023
 Length (↓)  0.1630  0.1566  0.0311  0.0125  0.0144  0.1078 0.0097  0.0061
 Pattern (↑)  0.5001  0.5219  0.7590  0.8437  0.8519  0.6094 0.8547  0.8770
 OD Acc. (↑)  47.11%  49.83%  –  92.81%  92.60%  – 93.76%  94.83%

Xi’an

 Density (↓)  0.0569  0.0516  0.0208  0.0087  0.0106  0.0093 0.0070  0.0035
 Length (↓)  0.0607  0.0582  0.0313  0.0142  0.0152  0.0191 0.0134  0.0083
 Pattern (↑)  0.6790  0.7815  0.5920  0.7730  0.7678  0.7940 0.8330  0.8611
 OD Acc. (↑)  55.46%  56.89%  –  91.60%  91.50%  – 93.42%  94.24%

Porto

 Density (↓)  0.0525  0.0435  0.0096  0.0060  0.0072  0.0052 0.0049  0.0037
 Length (↓)  0.0560  0.0479  0.0243  0.0156  0.0215  0.0156 0.0144  0.0118
 Pattern (↑)  0.5194  0.6774  0.8150  0.8259  0.7940  0.8220 0.8319  0.8519
 OD Acc. (↑)  50.03%  51.12%  –  91.93%  90.25%  – 92.49%  94.07%

Bold shows the best performance, and underline shows the second-best. ↓: lower is better, ↑: higher is better.

• MDM (Tevet et al., 2023): Motion Diffusion Model (MDM) is a 
Transformer-based diffusion denoising model that replaces convo-
lutional backbones with a temporal Transformer encoder. It can be 
naturally adapted from human motion to traffic trajectory genera-
tion.

• DiffTraj (Zhu et al., 2023): A diffusion model employing a U-Net 
architecture with convolutional layers to generate high-quality tra-
jectories. Semantic attributes are used during both training and in-
ference to guide the generation process.

• Diff-RNTraj (Wei et al., 2024): A diffusion model that incorpo-
rates a pre-trained Road-Constraint-Trajectory module to convert 
GPS points into road network-constrained representations, ensuring 
that generated trajectories follow real-world road structures.

• ControlTraj (Zhu et al., 2024): This model uses a pretrained Masked 
Autoencoder (MAE) to encode road segment topology, enhancing 
trajectory fidelity. The encoded information is used throughout both 
training and inference.

5.1.3.  Evaluation metrics
To evaluate how well the generated trajectories match the distri-

bution of real trajectories, we conduct a rigorous assessment of their 
statistical similarity. We employ Jensen-Shannon Divergence (JSD) as 
a primary measure of trajectory quality. JSD quantifies the difference 
between the distributions of real and synthetic data, with lower values 
indicating closer alignment to the real distribution.

We employ the following metrics, which are widely used in previous 
studies, to evaluate performance.

• Density error: Measures the geographic distribution difference be-
tween the original dataset  and the generated dataset ′, computed 
point by point along each trajectory, shortened as “Density”.

• Length error: Evaluates the difference in trajectory lengths by com-
paring the distribution of geographic distances between consecutive 
points in the real and generated trajectories, shortened as “Length”.

• Pattern score: Captures how well the most frequently visited re-
gions are preserved. Specifically, it computes the overlap between 
the top-𝑛 most visited grids in the generated and real datasets (with 
𝑛 set to 25). A higher score indicates better alignment in spatial usage 
patterns, shortened as “Pattern”.

• OD accuracy: Assesses the controllability of the generation pro-
cess by measuring how accurately the generated trajectories reflect 
the intended origin and destination. This metric is only applied to 
models that support conditional generation. As such, DiffWave and 
Diff-RNTraj, which are unconditional models, are excluded from this 
evaluation for fairness, shortened as “OD Acc.”.

5.2.  Overall performance (RQ1)

SemTraj outperforms all baseline methods across the three evaluated 
datasets, as shown in Table 2. In Chengdu, it reduces density and length 
errors by 25.81% and 37.11%, respectively, and improves the pattern 
score by 15.35%. In Porto, it achieves 24.49% and 18.06% reductions in 
density and length errors, along with an 11.90% gain in pattern score. 
These results underscore the effectiveness of the TDFormer block, which 
surpasses the U-Net architecture used in prior models. While Diff-RNTraj 
imposes road network constraints, it struggles in scenarios with high 
road segment complexity. Notably, we include MDM, a Transformer-
based diffusion model adapted from human motion generation. While 
its performance surpasses that of U-Net-based models (e.g., DiffTraj), 
benefiting from the global receptive field of self-attention for capturing 
long-range dependencies, it still falls short of SemTraj and ControlTraj. 
It indicates that the naive Transformer backbone is insufficient for tra-
jectory generation. The lack of a tailored mechanism for fine-grained 
spatiotemporal conditioning limits its ability to strictly adhere to se-
mantic constraints and geographical realism.

The performance differences across datasets highlight the impact of 
road network complexity. In cities like Chengdu, with dense and intri-
cate road layouts, SemTraj’s ability to model complex, high-dimensional 
spatial patterns proves particularly valuable. In contrast, for simpler 
road networks such as those in Porto, the improvements are still present 
but relatively smaller. The superior performance of SemTraj, partic-
ularly its low length error and high pattern score, empirically vali-
dates the effectiveness of the proposed architecture. The Multi-Head 
Self-Attention mechanism inherently models long-range spatial relation-
ships, allowing the model to reason about the overall route structure be-
tween the origin and destination. Concurrently, the Semantic-Adaptive 
Layer Normalization, conditioned on the trajectory factors, ensures that 
the temporal dynamics (e.g., travel speed variation by time of day) are 
involved in the generative process at every denoising step. This dual 
mechanism enables an effective learning of the data manifold compared 
to convolutional U-Net baselines, which have a more localized receptive 
field and less flexible conditioning mechanisms.

As shown in Fig. 4, we compare three diffusion-based methods for 
trajectory generation. All produce realistic patterns in high-density re-
gions (green boxes). Among them, SemTraj demonstrates the highest 
generation quality. Compared to Diff-RNTraj and ControlTraj, it signifi-
cantly reduces the occurrence of unrealistic or implausible trajectories, 
especially in low-density or sparse areas (highlighted in red boxes). 
It also exhibits stronger alignment with the underlying road network, 
even without explicitly relying on road-segment information. While Diff-
RNTraj produces road-constrained trajectories by design, its output dis-
tribution diverges notably from the original data, resulting in lower 
overall fidelity. In contrast, the visualizations clearly show that Sem-
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Fig. 4. Visualization of the generated trajectory dataset in Xi’an City.

Fig. 5. Controllable case study in Xi’an City.

Table 3 
Controllable generation study in Xi’an City.
 Methods  CVAE  CGAN  DiffTraj  ControlTraj  SemTraj
 Origin grid accuracy (↑)  55.30%  55.76%  91.59%  93.22%  94.24%
 Destination grid accuracy(↑)  55.62%  58.03%  91.41%  93.62%  94.69%
 Total distance error (↓) 1227m 1203m 130.1m 86.10m  82.60 m
 Average speed error (↓) 3.480m∕s 3.368m∕s 0.2179m∕s 0.1590m∕s  0.1384 m/s
 Fidelity error (↓) 844m 809m 356m 130m  107 m

Bold shows the best performance. ↓: lower is better, ↑: higher is better.

Traj captures the spatial-temporal dynamics more effectively, leading 
to more realistic and semantically consistent trajectory generation.

Overall, these results demonstrate that SemTraj is especially effective 
in complex urban environments, yet remains consistently strong across 
all settings. Its capacity to capture essential trajectory patterns makes it 
a robust solution for trajectory data generation.

5.3.  Controllable generation (RQ2)

The results in Table 2, along with the visualization in Fig. 5, validate 
SemTraj’s superior ability to follow semantic constraints. We specifically 

examine OD pairs between grid 7 (upper-left red box) and grid 100 
(lower-right green box). The figure shows that DiffTraj fails to repro-
duce the true trajectory distribution. While ControlTraj maintains high 
fidelity, it depends on additional road-segment information, limiting its 
applicability in scenarios where such prior knowledge is unavailable. 
SemTraj’s advantage lies in its SALN module, which introduces learnable 
scale-and-shift parameters derived from the origin and destination em-
beddings into each denoising step. This mechanism consistently guides 
the diffusion process toward the intended OD pair. In contrast, CVAE 
and CGAN do not incorporate semantic conditioning beyond their ini-
tial input layers. As a result, their OD accuracy hovers around 50%, 
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Table 4 
Efficiency study on SemTraj.

Resampling length  Chengdu  Xi’an
 100  200  300  400  500  100  200  300  400  500

 Length (↓)  0.0129  0.0073  0.0061  0.0059  0.0058  0.0138  0.0099  0.0083  0.0082  0.0081
 Inference time  98  105  113  143  189  105  110  121  156  217

↓: lower is better. Inference time is represented as seconds/batch.

Table 5 
Ablation study on SemTraj.

Metrics
 Xi’an
 Density (↓)  Pattern (↑)

 SemTraj w/o AR  0.0044  0.8540
 SemTraj w/o 𝑐  0.0103  0.8191
 SemTraj-Cross Attention  0.0071  0.8322
 SemTraj-In-Context  0.0056  0.8460
 SemTraj-SALN 0.0038 0.8573
 SemTraj  0.0035  0.8611

Bold shows the best performance and underline
shows the second-best. ↓: lower is better, ↑: higher 
is better.

highlighting their limited ability to enforce semantic constraints during 
generation.

We also focus on the accuracy of guidance for these methods by sam-
pling 9000 trajectories in Xi’an City with five condition-driven methods. 
To evaluate how well the generated trajectories align with the specified 
attributes, we focus on the origin grid, destination grid, total distance, 
and average speed to determine if the generated trajectories meet these 
conditions. Besides, we also examine the fidelity of the generated tra-
jectories. The fidelity error measures the average distance difference 
between the generated trajectory data and the map-matched genera-
tion results, which use a post-processing technique for ground truth. 
Geo-distances between raw points and map-matched points serve as the 
criterion for this calculation. The results in Table 3 further validate the 
superior controllability of SemTraj in traffic trajectory generation. Sem-
Traj achieves the highest accuracy for both the origin grid accuracy and 
the destination grid accuracy and the lowest errors for both total dis-
tance error and average speed error, surpassing all other models. This 
indicates that SemTraj can effectively adhere to conditional constraints, 
generating trajectories that start and end at the desired locations with 
remarkable precision. The results also show the reason for the supe-
riority of our model in terms of generation quality. In contrast, tradi-
tional models like CVAE and CGAN perform significantly worse, demon-
strating their limitations in understanding condition guidance. Notably, 
while DiffTraj and ControlTraj exhibit competitive performance in cer-
tain metrics, they fall short of SemTraj’s overall balance. TDFormer with 
adaTLN shows its superior performance in aligning generation with con-
dition guidance. This underscores SemTraj’s robustness and its advan-
tage in generating high-fidelity, controllable trajectories without com-
promising realism.

5.4.  Geographical feasibility (RQ3)

A critical aspect of trajectory generation is adherence to real-world 
road networks and urban boundaries. Although SemTraj does not explic-
itly ingest road-segment data, our visual results in Fig. 5 demonstrate 
its strong implicit geographical plausibility. Particularly in the sparse 
regions highlighted by red boxes, SemTraj generates trajectories that 
closely follow the underlying road network structure and maintain re-
alistic spatial distributions, avoiding the implausible shortcuts or cross-
block artifacts seen in some baseline outputs. This emergent property 
stems from two key factors: high-fidelity distribution learning and ar-

chitectural design for context preservation. First, as quantitatively val-
idated in Table 2, diffusion-based models, including SemTraj, signifi-
cantly outperform GAN and VAE counterparts in metrics like density 
and pattern error. This superior capacity to model the true data distri-
bution means that when trained on clean, real-world trajectories, which 
inherently obey geographical constraints, the model internalizes these 
constraints. Second, TDFormer, empowered by SALN and adaptive re-
sampling, effectively captures the complex spatio-temporal dependen-
cies present in real mobility data. The semantic conditioning on origin 
and destination further anchors the global path in a realistic urban con-
text. Therefore, by learning from and faithfully reconstructing the data 
manifold of real trajectories, SemTraj naturally generates geographically 
feasible paths.

5.5.  Model efficiency (RQ4)

We evaluate different resampling lengths of the Adaptive Resampling 
module to examine the balance between computational efficiency and 
temporal fidelity. The Chengdu and Xi’an datasets are selected for the 
assessment since both share the same sampling interval of 3 s, ensuring 
consistent temporal patterns after resampling. We test SemTraj using re-
sampling lengths of 100, 200, 300, 400, 500. The results are presented 
in Table 4. The Length Error reflects how well the synthesized trajecto-
ries preserve real-world temporal scales and movement patterns, serv-
ing as our primary indicator of temporal fidelity. Inference Time, mea-
sured in seconds per batch of 512 samples, captures the computational 
cost in a practical deployment setting. As shown in Table 4, increasing 
the resampling length reduces length error but increases inference time, 
which is expected given the quadratic complexity of the Transformer’s 
self-attention mechanism with respect to sequence length.

While extending the length from 100 to 300 yields significant fi-
delity gains, further increases to 400 or 500 bring only marginal error 
reduction at a higher computational cost. Hence, a resampling length 
of 300 is identified as the optimal operating point, offering an excellent 
balance where substantial temporal fidelity is achieved before the com-
putational cost rises sharply. This optimal value of 300 also aligns with 
the average original trajectory lengths in the datasets (270 for Chengdu, 
322 for Xi’an). This correlation further supports our empirical finding, 
suggesting that setting the fixed resampling length close to the statistical 
average of the data provides an effective prior for balancing information 
preservation with model efficiency.

5.6.  Ablation study (RQ5)

We perform ablation studies to evaluate the impact of key compo-
nents in SemTraj, as summarized in Table 5. Removing the semantic 
condition leads to the most severe performance degradation, with den-
sity error increasing by over 190% and pattern score dropping signif-
icantly. It confirms that the OD and time attributes are indispensable 
for guiding the generative process toward spatially and temporally co-
herent outcomes. Similarly, disabling the adaptive resampling module 
results in a measurable increase in density error, highlighting its role 
in preserving temporal fidelity and optimizing the trade-off between se-
quence length and computational efficiency during training.

We further compare TDFormer with alternative designs based on 
Transformer, such as Cross Attention (Zhu et al., 2024) and In-Context 
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Table 6 
Details of SemTraj models. We set model configurations for the Small (S), Medium (M), and 
Large (L) variants.
 Model  Layers 𝑁  Hidden size 𝑑  Heads  GFlops  Training time  Inference time
 SemTraj-S  10  64  8  0.2  343  102
 SemTraj-M  18  128  16  1.4  390  115
 SemTraj-L  28  128  16  2.2  501  146

Training and Inference time is represented as seconds/batch.

Table 7 
Dataset scaling study on SemTraj.

Dataset ratio  Xi’an
 Density (↓)  Length (↓)  Pattern (↑)

 25%  0.0240  0.0311  0.7035
 50%  0.0082  0.0096  0.8027
 75%  0.0046  0.0091  0.8580
 100%  0.0035  0.0083  0.8611

↓: lower is better, ↑: higher is better.

Fig. 6. Model scaling study on SemTraj.

Conditioning (Zhu et al., 2023). TDFormer achieves lower density er-
rors and higher pattern scores, demonstrating its superior ability to in-
tegrate semantic attributes effectively. It demonstrates that simply ap-
plying these mechanisms to a DiT backbone is suboptimal for trajectory 
generation. SALN’s layer-wise, feature-wise modulation offers a more 
precise and stable way for the denoising process across all network 
depths, leading to superior integration of semantic constraints. Finally, 
removing SALN with zero-initialization leads to moderate performance 
degradation, indicating that zero-initialization plays an important role 
in stabilizing optimization and enhancing the model’s ability to capture 
trajectory patterns.

5.7.  Model scaling and dataset scaling (RQ6)

The analysis of dataset scaling and model scaling provides valuable 
insights into how data volume and model capacity influence perfor-
mance. In real-world scenarios, trajectory data is often limited, making 
it essential to assess model robustness under varying data conditions. For 
model scaling, we define three variants of SemTraj: SemTraj-S, SemTraj-
M, and SemTraj-L, based on different depths and sizes of the model, 
characterized by the number of layers (𝑁) and the hidden size (𝑑) in 
each layer, as shown in Table 6. GFlops, Training and Inference time 
are also recorded for practical measure.

As shown in Table 7, increasing the dataset size from 
25% to 100% yields significant improvements across all eval-
uation metrics, underscoring the importance of data vol-
ume in enhancing model effectiveness. Notably, even when 
trained on only 75% of the data, SemTraj is still able to gen-
erate trajectories that closely resemble real-world patterns,
demonstrating strong generalization in low-data settings, which 
is a highly practical advantage.

As illustrated in Fig. 6, larger models, particularly SemTraj-M, con-
sistently outperform smaller ones throughout training, as evidenced by 
lower density errors. This indicates that increasing model capacity en-
hances the learning of complex trajectory patterns. However, perfor-
mance gains diminish beyond a certain point. SemTraj-L shows minimal 
improvement over SemTraj-M, suggesting that excessively large models 
offer diminishing returns, and scaling should be approached with con-
sideration for efficiency.

6.  Conclusion

In summary, SemTraj integrates a diffusion-Transformer backbone 
with semantic-adaptive layer normalization and a conditional VAE-
based length generator to enable highly controllable, variable-length 
trajectory synthesis based on OD and departure time attributes. Through 
adaptive positional encoding and dynamic modulation of feature statis-
tics using semantic information, SemTraj achieves strong controllabil-
ity while maintaining efficient and stable training. Its unified architec-
ture supports end-to-end generation of trajectories that accurately re-
flect both spatial endpoints and realistic temporal patterns. Experimen-
tal results on three real-world datasets show that SemTraj consistently 
outperforms both traditional and state-of-the-art diffusion-based mod-
els in OD accuracy, distributional alignment, and pattern fidelity. These 
improvements are largely attributed to semantic adaptive layer normal-
ization and adaptive resampling strategies.

While SemTraj advances controllable trajectory generation, our work 
has some limitations. First, the model learns geographical feasibility im-
plicitly from data without explicit road network encoding. Future work 
could explicitly integrate graph neural networks to incorporate road 
topology, further ensuring strict adherence. We plan to incorporate con-
trastive learning to further improve trajectory fidelity and conditional 
controllability. Additionally, extending the framework to handle multi-
modal conditions and few-shot scenarios would enhance its applicability 
in complex, data-scarce real-world settings. Second, the current evalua-
tion metrics may not capture all nuances of physical realism. Developing 
more fine-grained metrics for kinematic plausibility or road adherence 
would be valuable. Third, the framework prioritizes high fidelity over 
formal privacy guarantees. Exploring techniques like differential privacy 
within the diffusion process presents a significant challenge for achiev-
ing both utility and privacy.
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