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Abstract
Understanding human mobility is critical for a wide range of urban

applications, including traffic management, epidemic control, and

urban planning. However, due to privacy concerns, the availabil-

ity of large-scale public trajectory data remains limited, posing

challenges for downstream mobility analysis. Existing methods for

synthetic trajectory generation primarily focus on matching global

distribution similarity, while often overlooking mobility patterns

across different spatial and temporal resolutions that are essential

for practical utility.

To address these challenges, we propose a novel multi-resolution

diffusion framework, MR-Traj, for large-scale trajectory generation.

MR-Traj explicitly models trajectories as compositions of coarse-

grained milestones and fine-grained segments, enabling the capture

of complex spatial-temporal dependencies at multiple resolutions.

Experimental results demonstrate that MR-Traj achieves compa-

rable performance to state-of-the-art methods in terms of global

distribution similarity, while consistently outperforming them in

modeling fine-resolution mobility patterns and supporting down-

stream urban mobility tasks. In addition, by introducing stochastic-

ity at multiple resolution levels, MR-Traj generates more diverse

trajectories, which empirically reduces trajectory linkage risk under

a seed-guided data release setting.
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1 Introduction
Human mobility data provides critical insights into population-

level movement patterns and supports a wide range of applications,

including urban planning [7, 51], traffic estimation [19, 25], epi-

demic control [24], and location-based services [57]. In urban and

transportation systems, such data plays a central role in city-scale

decision making and mobility analysis. However, access to large-

scale mobility data is often restricted in practice due to privacy and

regulatory constraints, particularly for organizations that collect ex-

tensive trajectory records but cannot publicly release them without

risking sensitive information disclosure. As a result, synthetic tra-

jectory generation has emerged as a practical alternative, enabling

data sharing while avoiding the direct exposure of individual-level

records.

Early approaches to synthetic trajectory generation primarily re-

lied on Markov Chain models. With advances in deep learning, gen-

erative models such as Variational Autoencoders (VAEs) [15] and

Generative Adversarial Networks (GANs) [12] were subsequently

explored, often combined with recurrent architectures such as Long

Short-Term Memory networks (LSTMs) to capture temporal depen-

dencies [38, 42, 56]. Despite their success, many existing methods

depend on strong prior assumptions or handcrafted semantic fea-

tures, such as home/work locations or points of interest [16, 28],

and frequently struggle to reproduce fine-grained mobility patterns

at high spatial resolution [35, 49]. This limitation is particularly

important in urban-scale settings, where both city-wide structure

and neighborhood-level movement details are necessary for reliable

analysis.

More recently, diffusion models have emerged as a promising

alternative, offering stable training dynamics and flexible condition-

ing mechanisms for controlled trajectory generation [53, 59]. Nev-

ertheless, diffusion-based trajectory generation is typically guided

by metadata from original trajectories, which may still introduce
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privacy risks when synthetic data is released. At the same time, accu-

rately modeling urban mobility requires capturing patterns across

multiple spatial and temporal resolutions, where global movement

patterns describe long-range structure while local patterns reflect

fine-grained behaviors within specific regions.

Another limitation of existing methods lies in their predomi-

nant focus on minimizing global distribution discrepancies between

real and synthetic trajectories, with relatively limited considera-

tion of downstream analytical utility and responsible data release

[4, 11, 16, 22]. In practice, many mobility analysis tasks operate

on partial trajectories or localized segments, making fidelity at

finer resolutions equally important and motivating the need for

multi-resolution modeling in which global structure and local move-

ment are jointly represented. Hierarchical models that decompose

complex processes into multiple probabilistically connected levels

provide a principled framework for describing stochastic spatio-

temporal phenomena [1, 8].

In parallel, recent work has explored large-scale pre-trained

trajectory models that learn transferable mobility representations

from massive unlabeled data, enabling improved generalization

across regions and supporting downstream tasks such as prediction,

completion, and generation [5, 6, 17, 50, 60].

Building on these observations, recent studies have shown that

integrating diffusion models into multi-resolution or coarse-to-fine

frameworks can effectively capture structured dependencies in

complex data [36, 37]. For example, HGHOI generates high-level

milestones before modeling detailed motions in human-object inter-

action [36], while HierDiff adopts a hierarchical diffusion strategy

for molecular generation [37]. In the context of urban mobility, sep-

arately modeling abstract structural information (e.g., milestones)

and detailed trajectory segments provides a principled way to cap-

ture multi-scale movement patterns while increasing diversity in

the generated data.

Motivated by these insights, we propose a Multi-Resolution
framework for modeling complex spatio-temporal dependencies in

mobility Trajectories using diffusion models (MR-Traj). We focus

on a two-level resolution setting, where a milestone-level diffusion

model captures global trajectory structure and a segment-level

diffusion model generates fine-grained movements conditioned

on synthesized milestones. This formulation enables MR-Traj to

preserve both large-scale mobility structure and local movement

details, while reducing the risk of overly deterministic trajectory

reproduction under metadata-guided generation.

In summary, our contributions are threefold:

• We propose a multi-resolution diffusion framework for syn-

thetic urban trajectory generation, jointly modeling global

milestone trajectories and local trajectory segments under

metadata guidance.

• We conduct extensive experiments on large-scale real-world

mobility datasets, showing that our method achieves perfor-

mance comparable to state-of-the-art approaches in global

distribution similarity while consistently improving local

distribution fidelity.

• We demonstrate that MR-Traj supports downstream urban

mobility analysis tasks, including taxi destination predic-

tion and anomalous mobility pattern identification, while ex-

hibiting lower empirical linkage risk than existing metadata-

guided baselines.

2 Related Work
Early work on synthetic trajectory generation primarily modeled

trajectories as sequences of locations governed by Markovian as-

sumptions, where each location depends only on the previous one

[33, 44]. Extensions such as Input-Output Hidden Markov Models

relax uniform transition assumptions by incorporating contextual

information into latent processes [54]. Despite their interpretability,

Markov-based approaches rely on autoregressive sampling, which

limits scalability and prevents efficient parallel generation of long

trajectories.

With the rise of deep learning, generative models such as Varia-

tional Autoencoders (VAEs) [15] and Generative Adversarial Net-

works (GANs) [12] have been widely explored for trajectory synthe-

sis. Recurrent architectures, including Long Short-Term Memory

networks (LSTMs), are often combined with GANs to capture tem-

poral dependencies [38, 42, 56]. Representative methods include

TrajGANs [26], which first demonstrated GAN-based trajectory

generation, and subsequent extensions that incorporate urban struc-

ture priors or multi-stage generation pipelines to improve realism

at different spatial resolutions [16, 49]. Reinforcement learning for-

mulations, such as SeqGAN, further model trajectory generation as

a sequential decision process [55]. However, GAN-based models are

often difficult to train, computationally expensive at scale, and offer

limited controllability over generated trajectories, making them

less suitable for large-scale urban mobility data.

VAEs have also been adapted to trajectory generation by intro-

ducing hierarchical latent structures. For example, VOLUNTEER

employs a two-layer VAE that first infers user-level latent attributes

and then generates trajectories conditioned on these attributes [28].

While VAEs provide a principled probabilistic framework, they

often produce overly smooth trajectories and rely on restrictive

distributional assumptions, which can limit their ability to capture

complex and fine-grained mobility patterns.

Recently, diffusion models have emerged as a promising alterna-

tive for trajectory generation, offering stable training dynamics and

flexible conditioning mechanisms [9, 10, 48]. Diffusion-based ap-

proaches have demonstrated strong performance in modeling com-

plex, high-dimensional structured data, including spatio-temporal

trajectories [52]. In particular, DiffTraj shows that diffusion proba-

bilistic models can generate synthetic trajectories that closelymatch

real mobility distributions under metadata guidance [59].

Beyond single-resolution generation, a growing body of work

explores hierarchical and multi-resolution modeling strategies to

capture the multi-scale nature of mobility data. Coarse-to-fine dif-

fusion frameworks decompose trajectory generation into global

planning and local refinement stages, enabling better modeling

of long-range structure and local movement details [20]. Related
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approaches combine diffusion with structured planning or multi-

scale representations to model trajectories alongside other spatio-

temporal signals, such as traffic flows [27, 29]. Recent studies fur-

ther investigate controllable diffusion for structured or categorical

trajectory data and emphasize evaluation through downstream ur-

ban analysis tasks, rather than relying solely on distribution-level

similarity [14, 18, 23, 45].

Our work builds on these advances by explicitly incorporating

the hierarchical structure of spatio-temporal mobility data into a

multi-resolution diffusion framework. By modeling global trajec-

tory structure and local trajectory segments separately, our ap-

proach aims to better capture multi-scale dependencies inherent in

real-world urban mobility, improving both generation fidelity and

downstream analytical utility.

3 Preliminaries
3.1 Problem Definition
A Trajectory that is sampled at regular time intervals is defined

as S = [𝑠1, ..., 𝑠𝑛] where 𝑠𝑖 = (𝑙𝑎𝑡𝑖 , 𝑙𝑜𝑛𝑖 ) represents the location of

the vehicle at timestamp 𝑖 when 𝑠 is on a continuous spatial scale;

𝑠𝑖 = 𝑔𝑖𝑑𝑖 represents the grid id that the taxi is in at timestamp 𝑖 on

a discretized spatial scale; 𝑛 denotes the total number of points in

the trajectory. This dual representation caters to different needs in

spatial data processing, with latitude and longitude providing pre-

cise locations and grid ids facilitating spatial analysis on a coarser

scale and evaluation concerned with distribution similarity.

The objective of Synthetic Trajectory Generation is to generate

synthetic trajectories 𝑆 ′ = [𝑠′
1
, ...𝑠′𝑛] where 𝑆 ′ preserves the spatial-

temporal characteristics and patterns observed in 𝑆 . These syn-

thetic trajectories should be highly useful for downstream spatial-

temporal analysis, meaning they should mimic real-world mobility

patterns and can be used to support tasks such as traffic manage-

ment, and mobility behavior analysis. In general, many downstream

tasks of synthetic trajectory generation involves predicting some

properties of a trip, denoted as 𝑔(𝑆𝑢 , 𝑆𝑜 ) such that the downstream

model uses only a segment of the full trajectory where 𝑆𝑜 denote the

observed portion of a trajectory, while 𝑆𝑢 denote the unobserved

portion to be inferred or completed.

3.2 Theoretical Motivation
Theorem 1. If the target function 𝑔(𝑆𝑢 , 𝑆𝑜 ) is 𝐿-Lipschitz and 𝐷

represents the diameter of the support set of 𝑆𝑢 , the empirical risk 𝑅
of a predictor trained on synthetic data 𝑃 ′ (𝑆) and evaluated on real
data 𝑃 (𝑆) is bounded as:

𝑅 ≤ 𝐿𝐷2∥𝑃 (𝑆𝑢 , 𝑆𝑜 ) − 𝑃 ′ (𝑆𝑢 , 𝑆𝑜 )∥𝑇𝑉
+ 𝐿𝐷2∥𝑃 ′ (𝑆𝑜 ) − 𝑃 (𝑆𝑜 )∥𝑇𝑉 +𝐶

where: ∥ · ∥𝑇𝑉 denotes the Total Variation (TV) distance, and 𝐶 is
a constant.

The upper bound derived in theorem 1 indicates that minimizing

the empirical risk of a downstream model requires reducing the TV

distances between both the joint and marginal distributions of the

synthetic and real data. While global similarity between the real

and synthetic distributions 𝐿𝐷2∥𝑃 (𝑆𝑢 , 𝑆𝑜 ) − 𝑃 ′ (𝑆𝑢 , 𝑆𝑜 )∥𝑇𝑉 is often

emphasized in existing methods, our theoretical results suggest

that minimizing this distance, though essential, is not sufficient

for fully optimizing downstream performance. Existing methods

which focus solely on reducing the global distance between 𝑃 and

𝑃 ′ may not maximize utility. The theoretical result indicates that

utility is influenced not only by global distributional similarity but

also by local trajectory patterns where the observed fraction of

trajectories could be any segment of the complete trajectory. This

motivates us to employ a multi-resolution framework to model

different resolutions of a trajectory and hence modeling both com-

plete trajectories and different resolutions of the trajectory such as

milestones and segments. The details of this proof can be found in

the supplementary material where we define the optimal predic-

tor given the objective and empirical risk; leverage the Lipschitz

Condition [3] and bound the Wasserstein Distance [47] between

two distributions; apply triangle inequality on the Total Variance

Distance [13] bound.

We further motivate our design choice from the privacy con-

sideration perspective. Modeling trajectories in a multi-resolution

fashion allows us to obtain increased diversity of generated trajec-

tories through multi-level noise injection. By introducing noise at

various resolution of the synthetic trajectory generation process,

the model effectively creates a broader range of possible synthetic

outcomes.

4 Methodology
In this section, we formally introduce the multi-resolution frame-

work inspired by the motivating analysis. We employ a coarse-to-

fine strategy to generate synthetic trajectories. Themulti-resolution

framework is composed of two models: a milestone-level diffusion

model and a segment-level diffusion model. The classic Origin-

Destination Matrix can be seen as the most abstract level of reso-

lution of a trajectory; milestones then is at a finer resolution and

segments provide the finest resolution. Both models leverage the

U-Net architecture as their backbone but are conditioned on dif-

ferent levels of trajectory resolution to focus on distinct aspects of

trajectory generation. Figure 1 shows the overall structure of the

multi-resolution diffusion model framework. The milestone-level

model is designed to learn the broader trajectory distribution, cap-

turing high level distributions of trajectories, i.e. general direction

of moving. Conversely, the segment-level model is tasked with de-

tailing the finer aspects of the trajectory, filling in the gaps between

milestones with realistic local movement patterns.

Our choice of backbone for both diffusion models is the widely

acclaimed U-Net structure [40]. We adopt this structure along with

a condition embedding module implemented as a straightforward

feedforward neural network from prior work [59]. The condition

module embeds trajectory attributes like departure time, distance

traveled, start and end locations, enabling the diffusion model to

learn the conditional distribution of trajectories based on these

attributes. We further modify the noise schedule of diffusion model

to adhere to the cosine schedule rather than the linear schedule. This

choice is motivated by the cosine schedule’s efficiency, allowing for

a more gradual addition of noise and thus spending fewer timesteps

on purely noisy transformations [34].
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Figure 1: Left: Multi-Resolution Framework of Two-level Diffusion Model; Right top: Example of Global Movement and Local
Movement Patterns; Right bottom: Illustration of two different Milestone Extraction strategies

4.1 Milestone Extraction & Learning Milestone
Trajectories

We define a milestone trajectory as an abstraction of the complete

trajectory at both temporal and spatial resolutions. In general, an

Origin-Destination pair represents the lowest-resolution milestone,

while the complete trajectory corresponds to the highest resolution.

Milestone derivation is a key component of the framework, and we

consider two strategies: uniform sampling and open angle extrac-

tion. Open angle extraction, such as the two-pass corner detection

algorithm, is commonly used in trajectory compression tasks [46]

to identify keypoints based on open angles formed by neighboring

points and local curvature. A visual illustration of the twomilestone

extraction techniques is shown in Figure 1.

We derivemilestones from original trajectories using a simple yet

effective uniform sampling strategy, selecting a point every 𝛼 points

as a milestone. This design targets dense GPS trajectories without

explicit semantic or POI annotations (e.g., taxi mobility data), where

milestones act as geometric anchors rather than semantic activity

boundaries. We denote the extracted milestone trajectory as

M = [𝑚1, ...,𝑚⌈𝑛//𝛼 ⌉] = [𝑠1, 𝑠𝛼 , ..., 𝑠⌈𝑛//𝛼 ⌉𝛼 ] (1)

While keypoint-based extraction provides semantically meaning-

ful compression by capturing directional changes, we find uni-

form sampling more effective for our setting, as demonstrated in

the ablation study in Section 5. Uniform sampling preserves the

overall trajectory shape and standardizes time intervals between

milestones, which simplifies segment-level diffusion modeling. By

enforcing equal-length segments, we reduce the complexity of mod-

eling variable-length trajectories and enable more consistent and

effective synthetic trajectory generation, ultimately improving data

quality and downstream utility.

Overall, the denoising process of the milestone-level diffusion

model is defined as

𝑝𝜃 (M𝑡−1 |M𝑡 , 𝑐𝑚) =N(M𝑡−1; 𝜇𝜃 (M𝑡 , 𝑡 |𝑐𝑚), Σ𝜃 (M𝑡 , 𝑡 |𝑐𝑚)) (2)

whereM𝑡 denotes a noisymilestone trajectory at diffusion timestep

𝑡 , and 𝑐𝑚 represents milestone-level (global) conditions constructed

by concatenating attributes such as travel time, travel distance, start

location, and end location. The training objective of the milestone-

level diffusion model is

L(𝜃 ) = E𝑡,M0,𝜖

[
∥𝜖 − 𝜖𝜃 (M𝑡 , 𝑡 |𝑐𝑚)∥2

]
(3)

where 𝜖 ∼ N(0, 𝐼 ) is the Gaussian noise injected in the forward

diffusion process, and 𝜖𝜃 (·) denotes the noise prediction network

parameterized by 𝜃 .

4.2 Learning Milestone Conditioned Segment
The milestone extraction operation on a single trajectory also re-

sults in ⌈𝑛//𝛼⌉ − 1 segments of the original trajectory, we denote

the segments as:

S = [S1, ..., ,S⌈𝑛//𝛼 ⌉−1] (4)

S𝑖 = [𝑠𝑖𝛼 , 𝑠𝑖𝛼+1, ..., 𝑠 (𝑖+1)𝛼−1, 𝑠 (𝑖+1)𝛼 ]
= [𝑚𝑖 , 𝑠𝑖𝛼+1, ..., 𝑠 (𝑖+1)𝛼−1,𝑚𝑖+1]

(5)

The generation of trajectory segments between milestones is con-

ditioned on segment-level conditions as well as its corresponding

milestones as start and end guidance (every segment starts and

ends with a milestone point). This process ensures that the seg-

ments are not only realistic in isolation but also coherent when

considered as part of the overall trajectory. The denoising process

of the segment-level diffusion model can be described as

𝑝𝜃 (S𝑗,𝑡−1 |S𝑗,𝑡 , 𝑐𝑠,𝑗 ) =N(S𝑗,𝑡−1; 𝜇𝜃 , Σ𝜃 ) (6)

𝜇𝜃 ← 𝜇𝜃 (S𝑗,𝑡 , 𝑡 |𝑐𝑠,𝑗 ), Σ𝜃 ← Σ𝜃 (S𝑗,𝑡 , 𝑡 |𝑐𝑠,𝑗 ) (7)

𝑐𝑠,𝑗 = [𝑐 𝑗 ,𝑚 𝑗 ,𝑚 𝑗+1] (8)
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where S𝑗,𝑡 denotes the noisy 𝑗-th segment trajectory at diffusion

timestep 𝑡 , 𝑐𝑠,𝑗 denotes the concatenated segment level conditions

consisting of attribute information 𝑐 𝑗 calculated fromS𝑗 and𝑚 𝑗 ,𝑚 𝑗+1
which denotes the milestones used for guidance. The subscript

𝑗 specifies the segment index within a complete trajectory and

𝑚 𝑗 ,𝑚 𝑗+1 is the corresponding generated milestones that specify

the start and end location of the 𝑗-th segment trajectory. During

training, the milestones𝑚 𝑗 are extracted from original trajectories.

The training objective of the segment level diffusion model becomes

L(𝜃 ) = E𝑡,S0,𝜖
[
∥𝜖 − 𝜖𝜃 (S𝑗,𝑡 , 𝑡 |𝑐𝑠,𝑗 )∥2

]
(9)

4.3 Synthetic Trajectory Generation
During inference, we use the same attribute information as in train-

ing. However, the milestones guiding segment generation are re-

placed with synthetic milestones produced by a milestone-level

diffusion model. Details of the algorithm and variable-length tra-

jectory handling are provided in Algorithm 4.3. Variable-length

trajectories are handled via interpolation-based resampling during

both training and inference, consistent with Algorithm 4.3.

We adopt an efficient sampling scheme from prior work to avoid

expensive sampling at every diffusion step [43]. Specifically, for

each sampled noise, we denoise every 𝑠 timesteps during the back-

ward process with stride 𝑠 . As our framework conditions onmultiple

attributes, the generated synthetic trajectories can be viewed as seed

trajectories [2], where each corresponds to a real-world trajectory.

The combination of all given conditions defines a semantic class.

Synthetic trajectories are generated under these conditions and

can therefore replace original trajectories within the same seman-

tic class, yielding a synthetic dataset that preserves the semantic

information of the original dataset [2].

5 Experiment
In this section, we evaluate our model in comparison to various

baseline model on two taxi trajectories dataset: Chengdu [58] and

Porto [32]. The Porto taxi trajectory dataset was released as part of

the ECML/PKDD 2015 challenge on taxi destination prediction and

contains over one million trajectories collected over one year with

GPS points sampled every 15 seconds. Following prior work [22], we

filtered out trajectories with fewer than 10 points and focused on the

central high-density kernel region of Porto, illustrated in Figure 2.

The Chengdu dataset is already confined to a dense urban area and

therefore does not require additional spatial filtering [58]. Table 2

summarizes the statistics of the processed datasets, including the

number of trajectories, trajectory lengths, and spatial coverage.

Specifically, we evaluate the similarity in distribution between

the original and synthetic trajectories and also the downstream

utility of generated synthetic trajectories. We further perform pri-

vacy assessment for seed synthetic trajectories generated under the

guidance from original metadata. We considered first-order Markov

Model: Markov [44], Hidden Markov Model: IOHMM [54], LSTM

Model: LSTM [21], GAN based Model: Movesim [16], Diffusion

based Model: DiffTraj [59].

5.1 Evaluation Metrics
This section formally defines the evaluation metrics used in the

main experiments.

Algorithm 1MR-Traj algorithm

Input Trajectory 𝑇 , Uniform Sampling Rate 𝛼 , Attribute

Information 𝐶

Output Synthetic Trajectory 𝑇 ′

1: 𝑇 is an original trajectory of length 𝑛

2: M = [𝑚1, . . . ,𝑚𝑛//𝛼 ] is the extracted milestone trajectory

3: S = [S1, . . . ,S𝑛//𝛼−1] is the set of segments between consecu-

tive milestones

4: 𝑙𝑒𝑛𝑔𝑡ℎ(S𝑖 ) = 𝛼 + 1
5: Initialize𝐶𝑚 =𝐶 = [total distance, total time, . . . , start location,

end location]

6: Initialize 𝐶𝑠 = [ ]
7: for S𝑖 in S do
8: compute attributes for S𝑖 based on 𝐶 and append to 𝐶𝑠

9: end for
10: M is resampled to the 0.75-th quantile length of all milestone

trajectories in the dataset via interpolation

11: Train MDM(M,𝐶𝑚) ⊲ Milestone-Level Diffusion Model

12: Train SDM(S𝑖 ,𝐶𝑠 [𝑖]) ⊲ Segment-Level Diffusion Model

13: M′ = sample from MDM(𝑧,𝐶𝑚) ⊲ 𝑧 is random noise

14: M′ is resampled back to length 𝑛//𝛼 by interpolation

15: for 𝑖 in length of S do
16: 𝐶𝑠 [𝑖] [[−2,−1]] = [M′ [𝑖],M′ [𝑖 + 1]] ⊲ replace start and

end location guidance for segment 𝑖

17: S′𝑖 = sample from SDM(𝑧,𝐶𝑠 [𝑖]) ⊲ 𝑧 is newly sampled noise

18: end for
19: 𝑇 ′ is obtained by concatenating all segments in S′ =

[S′
1
, . . . ,S′

𝑛//𝛼−1]

Figure 2: Left: samples from original trajectories; Right: fil-
tered samples within the kernel region of the city of Porto.

• Density Error measures the discrepancy between the spa-

tial distributions of synthetic and real trajectories over a

discretized grid. It is computed using the Jensen–Shannon

divergence (JSD) between the two distributions:

Density Error = JSD(D(𝑆𝑠𝑦𝑛),D(𝑆𝑟𝑒𝑎𝑙 )). (10)

• Distance Error evaluates the difference in total travel dis-

tance distributions. The total distance of a trajectory is com-

puted as the sum of distances between consecutive GPS
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Table 1: Distribution Evaluation of Generated Synthetic Trajectories compared to Original Trajectories. (Bold: the best result.
Underline: the 2nd best result.)’.’ notation stands for Error

Dataset Model

Global Local

Density. (↓) Distance. (↓) Trip. (↓) Pattern Score (↑) Density. (↓) Distance. (↓) Trip. (↓) Pattern Score (↑)

P
o
r
t
o

MR-Traj 0.0015 0.0002 0.0079 0.91 0.0257 0.0039 0.1060 0.72
DiffTraj 0.0010 0.0004 0.0061 0.93 0.0371 0.0044 0.1480 0.59

Markov 0.0175 0.5250 0.1505 0.59 0.1730 0.6090 0.6560 0.26

LSTM 0.0103 0.0257 0.0746 0.70 0.1948 0.0643 0.6124 0.25

MoveSim 0.2816 0.0463 0.2977 0.02 0.6635 0.3210 0.6811 0.03

IOHMM 0.0412 0.0215 0.2867 0.34 0.2060 0.0401 0.5858 0.23

C
h
e
n
g
d
u

MR-Traj 0.0028 0.0035 0.0134 0.81 0.0081 0.0096 0.0395 0.75
DiffTraj 0.0018 0.003 0.0246 0.94 0.0182 0.0009 0.0474 0.66

Markov 0.0356 0.0373 0.5835 0.27 0.0772 0.6930 0.5649 0.32

LSTM 0.0658 0.335 0.266 0.14 0.0978 0.5504 0.5864 0.33

MoveSim 0.0585 0.156 0.3852 0.13 0.1407 0.0506 0.4084 0.22

IOHMM 0.0757 0.0725 0.46 0.11 0.2482 0.6931 0.5916 0.02

Table 2: Dataset Information.

Meta-Information Filtered Porto Chengdu

# of records 112991 1000000

# of taxi id 441 -

min/max/mean length of records 10/2198/44.07 180/6890/292.42

min/max latitude 41.1 / 41.25 30.65 / 30.74

min/max longitude -8.65 / -8.5 104.03 / 104.13

sampling frequency 15s 15s

Local Case Study Ribeira, Porto Taikoo Li, Chengdu

min/max latitude 41.140344 / 41.143130 30.651997 / 30.661530

min/max longitude -8.615496 / -8.606797 104.075045 / 104.089312

# of segments 99601 681038

points. The divergence between the distributions of syn-

thetic and real trajectories is measured using JSD:

Distance Error = JSD(𝐷𝑖𝑠 (𝑆𝑠𝑦𝑛), 𝐷𝑖𝑠 (𝑆𝑟𝑒𝑎𝑙 )). (11)

• Pattern Score quantifies the similarity between frequent

movement patterns extracted from synthetic and real tra-

jectories. A pattern is defined as a frequently occurring se-

quence of discretized grid cells. The similarity is computed

using the F1 score:

Pattern F1 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛(𝑃𝑟𝑒𝑎𝑙 , 𝑃𝑠𝑦𝑛) × 𝑅𝑒𝑐𝑎𝑙𝑙 (𝑃𝑟𝑒𝑎𝑙 , 𝑃𝑠𝑦𝑛)
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛(𝑃𝑟𝑒𝑎𝑙 , 𝑃𝑠𝑦𝑛) + 𝑅𝑒𝑐𝑎𝑙𝑙 (𝑃𝑟𝑒𝑎𝑙 , 𝑃𝑠𝑦𝑛)

. (12)

5.2 Details of Downstream Tasks
Taxi Destination Prediction. T-CONV models trajectories as two-

dimensional spatial paths and applies multi-scale convolutional

operations to extract movement patterns. Trajectory destinations

are first clustered into arrival hotspots, and the predicted destina-

tion is computed as a weighted combination of the corresponding

cluster centers. We adopt the locally enhanced variant of T-CONV,

which performs higher-resolution convolution near the start and

end of trajectories.

The prediction error is measured using the Haversine distance,

which computes the shortest distance between two points on the

Earth’s surface:

𝐷 (𝑑𝑟𝑒𝑎𝑙 , 𝑑𝑝𝑟𝑒𝑑 ) = 2𝑟 · arctan
(√︂

𝛼

1 − 𝛼

)
, (13)

where 𝑑𝑟𝑒𝑎𝑙 and 𝑑𝑝𝑟𝑒𝑑 denote the ground-truth and predicted desti-

nations, respectively, and 𝑟 is the Earth’s radius.

Anomalous Mobility Pattern Identification. This task aims to iden-

tify anomalous mobility patterns from a collection of trajectories by

analyzing time-dependent spatial movement distributions. Mobility

vectors are constructed for each time interval over a spatial grid:

𝑚𝑣𝑖 =

©­­­­«
𝑓 (𝑡𝑖 , 𝑔1)
𝑓 (𝑡𝑖 , 𝑔2)

.

.

.

𝑓 (𝑡𝑖 , 𝑔𝑘 )

ª®®®®¬
∈ R𝑘×1, (14)

where 𝑘 is the total number of grid cells and 𝑓 (𝑡𝑖 , 𝑔 𝑗 ) counts trips
departing at time 𝑡𝑖 with destinations in grid 𝑔 𝑗 . Each mobility

vector is normalized by the total number of trips.

Anomalous mobility vectors are identified following the pro-

cedure in [51]: (1) constructing mobility vectors at the specified

temporal scale, (2) clustering vectors using a mean-shift algorithm

with a flat kernel, (3) computing an anomaly threshold based on

cluster size statistics, and (4) labeling vectors in clusters smaller

than the threshold as anomalous.

5.3 Distribution Similarity Evaluation
The two large-scale taxi trajectory GPS dataset we used is the

Chengdu Dataset and Porto Dataset. We filtered out very short

trajectories less than 10 points and focused on trajectories in the

center region of the city of Porto, Portugal, also referred to as

kernel region of a city [22]. This region is characterized by a higher

and more uniform density of trajectories, offering a representative

sample for analysis. The Chengdu dataset is already confined to a

high density region and no preprocessing is performed.

To quantify the performance of MR-Traj and compare it with

baseline models, we employed several metrics detailed as the fol-

lowing. For metrics that ask for a discretization of the spatial space,

we used a 16 × 16 grid over the spatial scale, resulting in grid res-

olution less than 1𝑘𝑚2
per cell. The discretization is done only



Coarse-to-Fine Multi-Resolution Diffusion Models for Trajectory Generation in Urban Systems KDD ’26, August 09–13, 2026, Jeju Island, Republic of Korea

Table 3: Downstream utility evaluation of generated syn-
thetic trajectories. For Taxi Destination Prediction, HDE de-
notes the Haversine Distance Error. For Anomalous Mobility
Pattern Similarity, GH and WH denote the cosine similarity
between anomalous mobility patterns at the global-hourly
and weekly-hourly scales, respectively. P in metric names
indicates Porto and C indicates Chengdu.

Model

Destination Prediction Anomalous Pattern Similarity

P-HDE↓ C-HDE↓ P-GH↑ P-WH↑ C-GH↑

Original 2.319 2.810 1.000 1.000 1.000

MR-Traj 2.361 2.833 0.846 0.700 0.747
DiffTraj 2.371 2.896 0.835 0.678 0.659

Markov 2.389 2.970 0.698 0.463 0.397

LSTM 2.383 3.195 0.731 0.481 0.319

MoveSim 2.447 3.082 0.419 0.330 0.202

IOHMM 2.541 2.990 0.778 0.633 0.238

for evaluation purpose, the generated trajectories are made up of

precise GPS locations. For detailed explanation on the evaluation

metrics, please refer to the supplementary material. In addition

to the global space, we also sampled trajectory segments within

two popular regions from each city: Ribeira region in the city of

porto and Taikoo Li commercial region in the city of Chengdu. We

chose the two regions because they are highly popular regions

within the two city with either tourist attractions and commercial

venues. We perform the same evaluation on the segments within

the chosen region. For baselines that do not generate segments,

we use uniform sampling with the same sampling rate to define

milestones which in turn defines segments from a trajectory. For

detailed information on bounding boxes of each region and each

dataset as well as additional meta information, please refer to the

supplementary material.

Table 1 shows the evaluation result of MR-Traj and other base-

lines. We achieve close parity with the best-performing baseline

while outperforming all other baselines on global distribution simi-

larity. The evaluation indicates that MR-Traj closely matches the

performance of the best-performing baseline DiffTraj model across

all metrics on the global scale. However, when evaluated on regional

segment similarity, MR-Traj demonstrated superior performance

on both datasets and all metrics. This result validated that MR-Traj

is detail oriented and successfully captures local details.

5.4 Utility and Privacy Evaluation
In this section, we scrutinize the practical utility of the synthetic

data produced by our model, MR-Traj, through its application to

two critical downstream tasks: Taxi Destination Prediction and

Anomalous Mobility Pattern Identification. These tasks were se-

lected based on their relevance to the real-world applicability of

synthetic trajectory data. The former represents a direct applica-

tion of taxi trajectory data, crucial for traffic management and

location-based services. The latter tests the synthetic data’s ability

to preserve the original dataset’s unique or anomalous patterns,

a vital aspect of data utility in detecting and analyzing mobility

behaviors. Though normal mobility patterns are important, it’s rel-

atively easy to learn since it constitutes the majority of the dataset.

But abnormal patterns can easily be neglected while showing some

meaningful insights into atypical behaviors or events. To the best

of our knowledge, the ability of a model to preserve original anoma-

lous patterns in synthetic trajectories is highly underexplored.

Another highly considered aspect of synthetic trajectories is

privacy and we further examine this crucial aspect by training a

classifier on original data to link trajectory to users. By introducing

noise at two levels, MR-Traj demonstrates more diversity in the

generated trajectories which becomes highly beneficial when it

comes to privacy preservation without compromising the utility of

generated trajectories.

5.4.1 Taxi Destination Prediction. Given a partial taxi trajectory

𝑆𝑝 = [𝑠1, ..., 𝑠 𝑗 ], 𝑗 < 𝑛, 𝑆𝑝 ⊂ 𝑆 where 𝑆 is defined in section 3.1, we

want to predict 𝑠𝑛 , the destination point of the trajectory. The task

involves predicting the end point of a taxi trip given a partial tra-

jectory. This challenge is not only about understanding the spatial

components of the trip but also about inferring the likely destina-

tion based on observed patterns in the data. We adopt T-CONV[30]

which is a convolutional neural network built for taxi trajectory

prediction. Please refer to the supplementary material for details of

T-CONV model. The T-CONV model is trained separately on the

original and each generated synthetic datasets. The evaluation met-

ric is the mean Haversine distance between the real destination and

the predicted location for trajectories in the test set from original

data.

Table 3 presents the Haversine distance errors for models trained

on both original and synthetic data. MR-Traj demonstrates a re-

markable capability in maintaining high quality to the original

data’s spatial-temporal patterns, as evidenced by its Haversine Dis-

tance Error of 2.361. This metric, only slightly higher than the 2.319

error observed with the original data, suggests that the synthetic

trajectories generated by MR-Traj closely resemble the real-world

movements, capturing essential dynamics necessary for accurate

destination prediction. The minimal discrepancy between the haver-

sine distance error betweenMR-Traj and original data indicates that

MR-Traj effectively encapsulates the variability and complexity of

urban mobility patterns in its synthetic outputs. Notably, MR-Traj

outperforms all baselines, further validating the utility of MR-Traj

generated data.

5.4.2 Anomalous Mobility Pattern Identification. Urban mobility

flows typically exhibit certain motifs or regular patterns reflect-

ing the routine movements of people within an environment [41].

However, alongside these regular patterns, there are anomalous mo-

bility patterns that deviate from the norm, often emerging during

holidays, special events, extreme weather, or other unique circum-

stances [51]. Recognizing these anomalies is essential for urban

planning, traffic management, and emergency response, allowing

for preemptive action in anticipation of similar future events. Fol-

lowing prior work, we implemented a method to calculate mobility

vectors and identify anomalous mobility patterns [51]. For detailed

description of the procedure, please refer to the supplementary

material.The number of mobility vectors depend on the temporal

scale of interest. In this experiment setting, we examined global

hourly scale where we calculate a mobility for each hour; and a

weekly hourly scale where a mobility vector is calculated for each

hour within each week. Our analysis focuses evaluating how effec-

tively the synthetic trajectories generated by MR-Traj retain these
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Table 4: Trajectory User Linking evaluation on seed synthetic
trajectories. A lower metric value indicates a higher level of
privacy. Other baselines are emitted in this evaluation be-
cause their synthetic generation process is not guided by
specific metadata from original trajectory. The standard de-
viation is included in parenthesis as a result of 3 different
runs with different numpy random seeds.

Metric Original Data DiffTraj MR-Traj

Acc (↓) 0.9738 (0.0031) 0.8018 (0.0050) 0.7325 (0.0069)
Acc@5 (↓) 0.9986 (0.0003) 0.9092 (0.0004) 0.8668 (0.0013)
F1 Score (↓) 0.9793 (0.0031) 0.8142 (0.0043) 0.7556 (0.0038)
Precision (↓) 0.9781 (0.0035) 0.8226 (0.0060) 0.7686 (0.0042)
Recall (↓) 0.9816 (0.0021) 0.8152 (0.0024) 0.7533 (0.0034)

anomalous patterns present in the original dataset compared to

other baselines. This evaluation is conducted using the pairwise

cosine similarity between anomalous mobility vectors derived from

both synthetic and original data.

Table 3 presents the cosine similarity scores for anomalous mo-

bility vectors derived from synthetic and original trajectories, calcu-

lated on both global hourly and weekly hourly scales. The Chengdu

dataset does not have the Weekly Hourly Scale evaluation because

there is no departure date information in the dataset. So, the seed

trajectories cannot be grouped by week. MR-Traj achieves the high-

est cosine similarity at both temporal scales. These results illus-

trate MR-Traj’s proficiency in capturing and preserving anomalous

mobility patterns present in the original trajectory data, with its

performance notably surpassing that of other models. Figures 3

visually compare mobility vectors from both normal and anoma-

lous clusters, derived from original, MR-Traj, as well as the best

performing baseline DiffTraj generated synthetic data. These visual

comparisons further highlight the model’s ability to replicate both

regular and anomalous urban mobility patterns effectively.

Figure 3: Comparison of normal and abnormal mobility pat-
terns on discretized grid of Porto region from 1) Original
trajectories, 2) MR-Traj generated trajectories, and 3) Diff-
Traj generated trajectories

5.4.3 Privacy Evaluation. Privacy is a crucial aspect of data man-

agement, especially in trajectory data, where personal and sensitive

Figure 4: Left: Samples of Synthetic Trajectories by DiffTraj;
Right: Samples of Synthetic Trajectories by MR-Traj . As
evidenced by the comparison, MR-Traj preserves all essential
mobility movement patterns while generating more diverse
trajectories and hence offering more privacy protection.

information can be inferred from movement patterns. Existing

methods often overlook privacy concerns by focusing solely on

distribution similarity and utility. These methods tend to ensure

that synthetic data maintains statistical resemblance to the original

data while maximizing usability, but fail to adequately safeguard

individual privacy.

In our privacy evaluation, we employ the MARC (Multiple-

Aspect tRajectory Classifier) algorithm [31], a widely recognized

model for the trajectory user linking task. MARC utilizes one-hot

encoded metadata, including departure day and hour, as well as

geo-hashed trajectory information, to predict the probability that

a given trajectory belongs to each user in the dataset. This evalu-

ation is conducted exclusively on the Porto dataset, as it includes

taxi identifiers, while the Chengdu dataset lacks user information,

preventing its use in this evaluation. Moreover, the privacy evalua-

tion is focused solely on seed synthetic trajectories generated by

diffusion based models because the other baseline models generate

trajectories based on their learned distribution, without leveraging

metadata from the original trajectories for guidance. Randomly

assigning other baseline-generated trajectories to a taxi ID does not

accurately reflect the intended privacy level for this evaluation.

As shown in Table 4, MR-Traj consistently obtained a lower score

across all metrics compared to DiffTraj. The key differentiator for

MR-Traj is its approach to noise sampling at two distinct levels of

the trajectory generation process. By injecting noise at both the

higher structural level and the finer granular level, MR-Traj adds

an additional layer of randomness and diversity to the synthetic

trajectories. This layered noise application ensures that the syn-

thetic trajectories deviate more significantly from the original data

without compromising the realistic nature of the generated trajec-

tories as evidenced in figure 4. As MR-Traj’s generated trajectories

are a composition of segments independently sampled under the

guidance of generated milestones, such formulation makes it harder

for adversaries to reverse engineer the original metadata. MR-Traj

strikes a balance between achieving a low distribution similarity

and preserving privacy with high utility such that the synthetic

trajectories remain useful in downstream applications.
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Table 5: Ablation Study on variants of MR-Traj on Porto Dataset. "." stands for Error. The composition of MR-Traj outperforms
all other variants. HDE stands for Harversine Distance Error for taxi destination. For Anomalous Mobility Pattern Similarity,
GH denotes the cosine similarity between anomalous mobility patterns in global hourly scale, WH denotes the cosine similarity
between anomalous mobility patterns in weekly hourly scale.

Model Density . (↓) Distance . (↓) Trip . (↓) Pattern Score (↑) HDE(↓) GH (↑) WH (↑)
MR-Traj 0.0015 0.0002 0.0079 0.91 2.361 0.846 0.700

open angle extraction 0.0073 0.0008 0.0178 0.79 2.388 0.826 0.656

precise location guidance 0.0039 0.0396 0.0804 0.78 2.375 0.815 0.623

global milestone 0.0038 0.0372 0.0799 0.87 2.3966 0.81 0.656

Original Data - - - - 2.319 1 1

6 Ablation study
Table 5 reports four configuration of MR-Traj evaluated on Porto

Dataset: MR-Traj denotes the original configuration, open angle
extraction denotes the milestones are extracted based on the open

angle detection algorithm instead of uniform sampling from the

original trajectory, precise location guidance denotes that the start
and end location guidance incorporated as conditional informa-

tion in both diffusion models are represented as precise location

instead of being mapped to a discrete grid location, global milestone
denotes the configuration where the whole milestone trajectory

[𝑚1,𝑚2, ...,𝑚𝑘 ] are given to generate segments instead of only us-

ing two milestones [𝑚𝑖 ,𝑚𝑖+1] as start and end guidance to generate
the 𝑖-th segment in a trajectory. We note that all variants of MR-Traj

did not perform as well as MR-Traj in both distribution similarity

and downstream utility, validating the choice of design for MR-Traj.

In addition, we further performed analysis on how the uniform

sampling rate affects the performance of MR-Traj on distribution

similarity and downstream utility. We conducted analysis on the

Chengdu dataset with uniform sampling rate 15, 35, and 55 as

shown in table 6. We did not include 5 in the analysis because the

Chengdu trajectories are densely sampled and extractingmilestones

every 5 timestamps provide virtually no level of abstraction to the

original trajectories. In general, there is no apparent pattern that

dictates an optimal rate universally. The analysis demonstrates

that a sampling rate of 15 generally results in better performance

across most metrics, suggesting that the lowest level of abstraction

provides an optimal balance between data abstraction and fidelity.

Table 6: Analysis on the effect of uniform sampling rate 15, 35,
and 55 on the Chengdu Dataset. HDE stands for harversine
distance error and GH denotes the global hourly scale. The
uniform sampling rate 5 is not considered in this case because
Chengdu trajectories are sampled very densely and sampling
every 5 points provide virtually no level of abstraction

Metrics MR-Traj 15 MR-Traj 35 MR-Traj 55

Density Error 0.0028 0.0337 0.0099

Distance Error 0.0035 0.0423 0.0095

Trip Error 0.0134 0.1698 0.0582

Patter Score 0.81 0.6 0.71

HDE 2.833 2.855 2.861

GH Cosine Similarity 0.747 0.514 0.68

7 Conclusion
In this paper, we presented MR-Traj, a multi-resolution diffusion

framework for synthetic human mobility trajectory generation. By

jointly modeling milestone-level global structure and segment-level

local refinement, MR-Traj captures multi-scale spatial-temporal de-

pendencies and preserves both long-range movement patterns and

fine-grained trajectory details. Experiments on large-scale real-

world taxi datasets show that MR-Traj achieves performance com-

parable to state-of-the-art diffusion baselines in global distribution

similarity while improving fidelity at finer spatial resolutions. The

generated trajectories also demonstrate strong downstream utility

on tasks such as taxi destination prediction and anomalous mo-

bility pattern identification. Under a seed-guided release setting,

multi-level stochasticity further reduces linkage success compared

to single-level diffusion approaches without sacrificing utility. Over-

all, MR-Traj provides an effective framework for balancing realism,

utility, and privacy in synthetic spatiotemporal data.

8 Limitations and Ethical Considerations
Despite the strong empirical performance of MR-Traj, several limita-

tions remain. Although multi-level noise injection reduces linkage

risk, synthetic data may still expose residual privacy information

under stronger adversarial settings. In addition, training on taxi

datasets from specific urban regions may introduce geographic and

behavioral biases and limit generalizability to other mobility con-

texts. Metadata-conditioned generation may also propagate biases

in the original data. Finally, while synthetic trajectories can support

downstream analysis, they should not replace real-world data in

safety-critical applications. We encourage responsible use of syn-

thetic mobility data and continued research on privacy protection

and robustness.
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A Hyperparameter Setting
Hyperparameter configurations for training and inference are sum-

marized in Table 7. All diffusion models are trained on an 80GB

A100 GPU, while downstream task models are trained on a 10GB

RTX 2080 GPU.

Table 7: Hyperparameter Details for Experiment Settings

Hyperparameter Milestone Level Model Segment Level Model

Epoch 200 100

Batch Size 1024 1024

Noise Schedule Cosine Cosine

Input Length (Porto) 11 7

Input Length (Chengdu) 23 23

Sampling Rate for Milestone (Porto) 5 -

Sampling Rate for Milestone (Chengdu) 15 -

Diffusion Timesteps 500 500

B Theoretic Analysis
The main application of synthetic trajectory generation is to train

machine learning models for downstream tasks such as destination

prediction, mileage prediction and anomalous mobility pattern

recognition. These downstream tasks usually follow a paradigm

to predict some properties (e.g., destination, mileage and mobility

pattern) of a trip, denoted as 𝑔(𝑆𝑢 , 𝑆𝑜 ), given only a fraction of

the trip’s full trajectory. We denote this observable fraction of full

trajectory as S𝑜 . The rest unobservable fractions of the trajectory
are denoted as S𝑢 .

For downstream tasks, we usually use complete trajectories gen-

erated by the synthetic trajectory generator 𝑃 ′ (𝑆) as training set
to train the machine learning predictor 𝑓 (·). The utility of this

predictor on downstream tasks should be evaluated by its square

empirical risk R on a trajectory distribution, which is defined as:

R(𝑓 (·)) = E[𝑓 (𝑆𝑜 ) − 𝑔(𝑆𝑢 , 𝑆𝑜 )]2 = E𝑆𝑜 [𝑓 (𝑆𝑜 ) − E𝑆𝑢𝑔(𝑆𝑢 , 𝑆𝑜 )]2 +𝐶
(15)

where 𝐶 is a constant that is only relevant to 𝑃 (𝑆𝑢 , 𝑆𝑜 ). Thus, the
optimal predictor we can acquire on the synthetic dataset is 𝑓 (𝑆𝑜 ) =
E𝑆𝑢∼𝑃 ′ (𝑆𝑢 |𝑆𝑜 )𝑔(𝑆𝑢 , 𝑆𝑜 ).

This optimal predictor of synthetic dataset, when being applied

to real dataset whose distribution is 𝑃 (𝑆), its empirical risk will be:

R = E𝑆𝑜∼𝑃 (𝑆𝑜 ) [E𝑆𝑢∼𝑃 ′ (𝑆𝑢 |𝑆𝑜 )𝑔(𝑆𝑢 , 𝑆𝑜 )
− E𝑆𝑢∼𝑃 (𝑆𝑢 |𝑆𝑜 )𝑔(𝑆𝑢 , 𝑆𝑜 )]2 +𝐶

(16)

Suppose that 𝑔(𝑆𝑢 , 𝑆𝑜 ) is L-lipsitz, then 𝑔 (𝑆𝑢 ,𝑆𝑜 )
𝐿

is 1-lipsitz, and

we have:

R = 𝐿E𝑆𝑜∼𝑃 (𝑆𝑜 ) [E𝑆𝑢∼𝑃 ′ (𝑆𝑢 |𝑆𝑜 )
𝑔(𝑆𝑢 , 𝑆𝑜 )

𝐿

− E𝑆𝑢∼𝑃 (𝑆𝑢 |𝑆𝑜 )
𝑔(𝑆𝑢 , 𝑆𝑜 )

𝐿
]2 +𝐶

≤ 𝐿E𝑆𝑜∼𝑃 (𝑆𝑜 ) [ sup

ℎ is 1-lipsitz

E𝑆𝑢∼𝑃 ′ (𝑆𝑢 |𝑆𝑜 )ℎ(𝑆𝑢 , 𝑆𝑜 )

− E𝑆𝑢∼𝑃 (𝑆𝑢 |𝑆𝑜 )ℎ(𝑆𝑢 , 𝑆𝑜 )]2 +𝐶
= 𝐿E𝑆𝑜∼𝑃 (𝑆𝑜 ) [𝑊1 (𝑃 (𝑆𝑢 |𝑆𝑜 ), 𝑃 ′ (𝑆𝑢 |𝑆𝑜 ))]2 +𝐶

(17)

where𝑊1 is Wasserstein distance of 1-norm. The above For Wasser-

stein distance, we have following upper bound:

𝑊1 (𝑃 (𝑆𝑢 |𝑆𝑜 ), 𝑃 ′ (𝑆𝑢 |𝑆𝑜 )) ≤ 𝐷𝑆𝑢 | |𝑃 (𝑆𝑢 |𝑆𝑜 ) − 𝑃 ′ (𝑆𝑢 |𝑆𝑜 ) | |𝑇𝑉 (18)

where 𝐷 is the diameter of the support set of 𝑆𝑢 and | |𝑃 (𝑆𝑢 |𝑆𝑜 ) −
𝑃 ′ (𝑆𝑢 |𝑆𝑜 ) | |𝑇𝑉 is the Total Variance Distance between distribution

𝑃 (𝑆𝑢 |𝑆𝑜 ) and 𝑃 ′ (𝑆𝑢 |𝑆𝑜 ):

| |𝑃 (𝑆𝑢 |𝑆𝑜 ) − 𝑃 ′ (𝑆𝑢 |𝑆𝑜 ) | |𝑇𝑉 =

∫
𝑆𝑢

|𝑝 (𝑆𝑢 |𝑆𝑜 ) − 𝑝′ (𝑆𝑢 |𝑆𝑜 ) |𝑑𝑆𝑢 (19)

Thus, when Total VarianceDistance between 𝑃 (𝑆𝑢 , 𝑆𝑜 ) and 𝑃 ′ (𝑆𝑢 , 𝑆𝑜 )
is less than 1, i.e., the two distributions are close enough, we have:

R ≤ 𝐿E𝑆𝑜∼𝑃 (𝑆𝑜 ) [𝑊1 (𝑃 (𝑆𝑢 |𝑆𝑜 ), 𝑃 ′ (𝑆𝑢 |𝑆𝑜 ))]2 +𝐶
≤ 𝐿𝐷2E𝑆𝑜∼𝑃 (𝑆𝑜 ) | |𝑃 (𝑆𝑢 |𝑆𝑜 ) − 𝑃 ′ (𝑆𝑢 |𝑆𝑜 ) | |𝑇𝑉 +𝐶

(20)

For Total Variance Distance we have:

E𝑆𝑜∼𝑃 (𝑆𝑜 )𝑇𝑉𝐷 = E𝑆𝑜∼𝑃 (𝑆𝑜 ) | |𝑃 (𝑆𝑢 |𝑆𝑜 ) − 𝑃 ′ (𝑆𝑢 |𝑆𝑜 ) | |𝑇𝑉

=

∫
𝑆𝑜

𝑝 (𝑆𝑜 )𝑑𝑆𝑜
∫
𝑆𝑢

|𝑝 (𝑆𝑢 |𝑆𝑜 ) − 𝑝′ (𝑆𝑢 |𝑆𝑜 ) |𝑑𝑆𝑢

=

∫
𝑆𝑢 ,𝑆𝑜

|𝑝 (𝑆𝑢 , 𝑆𝑜 ) − 𝑝′ (𝑆𝑢 , 𝑆𝑜 ) |𝑑𝑆𝑢𝑑𝑆𝑜

= | |𝑃 (𝑆𝑢 , 𝑆𝑜 ) − 𝑃 ′ (𝑆𝑢 , 𝑆𝑜 ) | |𝑇𝑉
(21)
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Meanwhile, Total Variance Distance satisfy triangle inequality.

Thus, we have:

R ≤ 𝐿𝐷2 | |𝑃 (𝑆𝑢 , 𝑆𝑜 ) − 𝑃 ′ (𝑆𝑢 |𝑆𝑜 )𝑃 (𝑆𝑜 ) | |𝑇𝑉 +𝐶
≤ 𝐿𝐷2 | |𝑃 (𝑆𝑢 , 𝑆𝑜 ) − 𝑃 ′ (𝑆𝑢 , 𝑆𝑜 ) | |𝑇𝑉
+ 𝐿𝐷2 | |𝑃 ′ (𝑆𝑢 , 𝑆𝑜 ) − 𝑃 ′ (𝑆𝑢 |𝑆𝑜 )𝑃 (𝑆𝑜 ) | |𝑇𝑉 +𝐶

= 𝐿𝐷2 | |𝑃 (𝑆𝑢 , 𝑆𝑜 ) − 𝑃 ′ (𝑆𝑢 , 𝑆𝑜 ) | |𝑇𝑉
+ 𝐿𝐷2 | |𝑃 ′ (𝑆𝑢 |𝑆𝑜 )𝑃 ′ (𝑆𝑜 ) − 𝑃 ′ (𝑆𝑢 |𝑆𝑜 )𝑃 (𝑆𝑜 ) | |𝑇𝑉 +𝐶

= 𝐿𝐷2 | |𝑃 (𝑆𝑢 , 𝑆𝑜 ) − 𝑃 ′ (𝑆𝑢 , 𝑆𝑜 ) | |𝑇𝑉+
𝐿𝐷2 | |𝑃 ′ (𝑆𝑜 ) − 𝑃 (𝑆𝑜 ) | |𝑇𝑉 +𝐶

(22)

The above upper bound shows that we should jointly minimize

| |𝑃 (𝑆𝑢 , 𝑆𝑜 ) − 𝑃 ′ (𝑆𝑢 , 𝑆𝑜 ) | |𝑇𝑉 and | |𝑃 ′ (𝑆𝑜 ) − 𝑃 (𝑆𝑜 ) | |𝑇𝑉 .

C Details on Diffusion Model Preliminaries
In recent years, denoising diffusion probabilistic model has gained

tremendous success on generative tasks, particularly in image

generation[39]. The allure of DDPMs lies in their capacity to model

complex, high-dimensional distributions, making them an excellent

choice for generating synthetic trajectories. The key idea behind

diffusion is to gradually add noise to input over a series of timesteps

and let the model learn the reverse process of denoising noisy in-

put back to the realistic space. The forward process is defined as

a Markov chain where Gaussian noise is gradually added to the

original input 𝑥0 and the amount of noise added at each timestep is

controlled by the noise schedule 𝛽𝑡 .

𝑞(𝑥1:𝑇 |𝑥0) =
𝑇∏
𝑡=1

𝑞(𝑥𝑡 |𝑥𝑡−1) (23)

𝑞(𝑥𝑡 |𝑥𝑡−1) =N
(
𝑥𝑡 ;

√︁
1 − 𝛽𝑡𝑥𝑡−1, 𝛽𝑡 𝐼

)
(24)

In practice, the closed form sampling of the noised version of origi-

nal input at timestep 𝑡 is used instead of adding noise step by step

for efficiency purpose.

𝑥𝑡 =
√︁
𝛼𝑡 · 𝑥0 +

√︁
1 − 𝛼𝑡 · 𝜖, 𝜖 ∼ N(0, 𝐼 ) (25)

where 𝛼𝑡 =
∏𝑡

𝑖=1 1− 𝛽𝑡 . This closed form sampling allows for more

efficient forward process. The backward process aims to learn the

reverse of the forward process, learning to systematically denoise

the noisy inputs. A neural network parameterized by 𝜃 is used to

learn the mean and variance of the noise to remove from the noisy

data at each timestep. The denoising process is described by:

𝑞(𝑥𝑡−1 |𝑥𝑡 ) =N(𝑥𝑡−1; 𝜇 (𝑥𝑡 , 𝑡), Σ(𝑥𝑡 , 𝑡)) (26)

𝑝𝜃 (𝑥𝑡−1 |𝑥𝑡 ) =N(𝑥𝑡−1; 𝜇𝜃 (𝑥𝑡 , 𝑡), Σ𝜃 (𝑥𝑡 , 𝑡)) (27)

where 𝑝𝜃 (𝑥𝑡−1 |𝑥𝑡 ) is learned by the neural network to approximate

the ground truth conditional probability 𝑞(𝑥𝑡−1 |𝑥𝑡 ).
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