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Abstract

Data-driven aircraft trajectory generation supports simulation and safety assessment, but resemblance to
recorded traffic does not ensure physical plausibility. Differences in datasets and evaluation protocols also
make published models difficult to compare. We present a controlled benchmark using OpenSky arrival
trajectories at Zurich and Tianjin international airports. We examine latent sampling as a generation prob-
lem distinct from reconstructing observed trajectories. The comparison includes a temporal convolutional
variational autoencoder with a learned VampPrior, direct diffusion, and latent diffusion through the same
frozen decoder. A common experimental setup controls data preparation and documents training and sam-
pling. Evaluation combines geographic and feature-profile comparisons with aircraft-performance-based
replay. VampPrior captures the main arrival flows more convincingly in the visual comparison, whereas
direct diffusion yields replay discrepancies closer to the real-data baseline. The findings distinguish the
quality of a learned representation from that of its sampling mechanism, and show that geographic simi-
larity and replayability can favour different generators.

Keywords: aircraft trajectory generation, ADS-B, variational autoencoders, diffusion models

Abbreviations:  JOAS: Journal of Open Aviation Science, ATM: Air Traffic Management, ADS-B: Automatic Dependent
Surveillance-Broadcast

1. Introduction

Aircraft trajectory generation produces time-indexed sequences of aircraft states for applications in-
cluding airspace design, fast-time simulation, and Monte Carlo safety assessment [1]. Model-driven
approaches combine equations of motion with aircraft-performance models, thereby enforcing ex-
plicit physical constraints [2]. Operational variability must then be introduced through model inputs
or additional assumptions, and may be difficult to specify exhaustively [3]. Data-driven approaches

instead estimate the joint distribution of recorded trajectories and can reproduce the variability ob-
served in surveillance data [g, é] However, statistical similarity does not guarantee that a generated
trajectory is physically or operationally plausible; both aspects must be evaluated separately [5].

Data-driven aircraft trajectory generation has progressed from multivariate density models [1, 4]

to deep latent-variable models such as Variational Autoencoders (VAE) [3]. Physics-guided Neu-

ral Ordinary Differential Equations provide a complementary approach by incorporating domain
knowledge into the generation of vertical flight profiles from open ADS-B data [6]. More recently,
Diffusion Models (DM) have been applied to terminal-area trajectory generation [7]. Then, Flow

Matching (FM) [8] has also been implemented for the generation of complete aircraft trajectories
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[9]. The studies cited above evaluate their proposed approaches using different datasets, trajectory
representations, preprocessing pipelines, and evaluation criteria. Consequently, it remains difficult
to determine whether reported differences originate from the generative paradigm itself or from the

experimental setting.

We address this gap through a controlled benchmark using ADS-B data from the OpenSky Net-
work [10]. The emphasis is on reproducibility: documenting how trajectories are prepared and how
models are trained and sampled, rather than comparing published scores obtained under different
experimental settings. We compare a TCVAE with a learned VampPrior, diffusion in trajectory space,
and diffusion in the latent space of that TCVAE. This comparison focuses on a practical limitation
of latent-variable trajectory models: successful reconstruction does not by itself specify a suitable
distribution from which to generate new latent vectors.

All model configurations use a common preprocessing pipeline, trajectory representation, and train-
ing, validation, and test partitions. Following the evaluation framework of Olive et al. [5], we
compare geographic patterns and groundspeed and altitude profiles. An illustrative latent-space
case examines irregular generation. Simulator replay at Zurich assesses route-following under an
aircraft-performance model.

The paper is structured as follows. Section 2 reviews existing trajectory-generation methods. Sec-
tion 3 describes the datasets and shared representation. Section 4 introduces the models and their
implementation. Section 5 presents the comparison and examines the challenges of sampling in a
learned latent space. Section 6 provides concluding remarks.

2. Literature review

Trajectory generation was first conducted using model-driven generation methods that require flight-
dynamics equations and expert knowledge [11, 12]. These methods use physical equations to guar-
antee the physical realism of aircraft movement, but they require many precise aircraft and envi-
ronmental characteristics as inputs and have difficulty capturing uncertainties during flight. With
ADS-B providing increasing amounts of trajectory data in recent years, data-driven methods have
received increasing attention because they can learn operational patterns directly from observed

trajectories.

Many early data-driven studies used classical statistical models to learn the distribution of trajec-
tory data. For instance, Barratt et al. [13] proposed a cluster-based Gaussian mixture model (GMM),

which enabled accurate inference and realistic trajectory generation. Krauth et al. [1] compared
multivariate normal distributions, Gaussian mixture models, and vine copulas for generating two-
dimensional go-around flows at Zurich Airport. These methods do not require precise physical
equations or detailed physical states of aircraft, but estimating complex dependencies becomes in-

creasingly difficult as trajectory dimensionality increases.

Deep generative modelling (DGM), which has been successfully applied in various fields, provides
a way to handle high-dimensional data distributions and uncertainty, making it well suited to the
characteristics of aircraft trajectory data. Jarry et al. [14] explored Generative Adversarial Networks
(GAN ) for aircraft trajectory generation to learn the probability distribution of real approach flight
paths and identify abnormal trajectories that do not follow this distribution. Wijnands et al. [15]
used TimeGAN [16] to generate trajectories during the landing phase. It was capable of generating
trajectories from clustered data; however, its performance was limited in sparse parts of the trajec-
tory distribution, such as go-arounds and holding patterns. Although these studies show that GAN's
can be used for aircraft trajectory generation, their adversarial training process can be unstable,
and their generation process has limited interpretability, making them less suitable for controllable

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

75



Journal of Open Aviation Science 3

trajectory generation.

Variational Autoencoders (VAEs) provide another deep generative framework. Krauth et al. (2023)
[3] adapted the VAE to aircraft trajectory modelling by using Temporal Convolutional Networks,
forming a Temporal Convolutional VAE (TCVAE), and introduced a Variational Mixture of Posteri-
ors (VampPrior) as the prior distribution. The generated trajectories were later used for collision-
risk assessment [17]; the approach was then successfully applied to evaluate the risk arising from
go-around and take-off procedures [18]. These works illustrate that the TCVAE performs well in
generating four-dimensional aircraft trajectories, including rare operational scenarios such as go-
arounds and collisions. Aref et al. [19, 20] also focused on collision-risk assessment and used VAEs
to generate trajectories based on a chosen seed track. They then used multiple seed tracks [21, 22]
to fill gaps in variability coverage. Murad and Ruocco [23] proposed a Time-Based Vector Quantized
Variational Autoencoder (TimeVQVAE) for trajectory generation. By discretizing the latent space
and integrating transformer priors, the model performed better than TCVAE in their experiments

and could generate entire flight paths.

Some new generative methods have emerged in recent years. Diffusion Models (DMs) [24, 25, 26]
have been applied to general trajectory generation. More recently, Flow Matching (FM) [8] has
emerged as another generative modelling approach. These methods have also begun to be applied
to aircraft trajectory generation. Zuo et al. [7] proposed the Air Trajectory Diffusion (AirTraj-Diff)
framework to learn the distribution of aircraft trajectories in the terminal area. Larsen et al. [27]
adapted diffusion- and flow-matching-based models to learn trajectory distributions from a data-
rich airport and transfer the generation model to an airport with limited data. They also study latent
diffusion, in which denoising is learned in a TCVAE representation and generated latent vectors
are decoded into trajectories. Matsuda et al. [9] developed a conditional flow-matching model that

generates realistic aircraft trajectories.

Alongside advances in generative modelling, conditional generation has increasingly been used to
produce trajectories for specified operational scenarios. Motte et al. [28] extended the VampPrior-
based VAE framework by conditioning trajectory generation on aircraft type. Zuo et al. [7] in-
corporated meteorological information into a conditional diffusion model, while Matsuda et al. (9]
conditioned a flow-matching model on surrounding-traffic states. These studies demonstrate that
conditional formulations can be applied across VAE-, diffusion-, and flow-matching-based models

to generate trajectories corresponding to specified operational contexts.

Although these studies demonstrate the feasibility of conditional generation across different model
families, they use different conditioning variables and address different application scenarios. They
also use different inputs and evaluation metrics, making direct comparison across model families
difficult, particularly for the recently introduced diffusion and flow-matching approaches. Therefore,
a controlled benchmark using common datasets, a shared trajectory representation, and a consistent
evaluation protocol is necessary for a fair comparison.

Accordingly, this study compares an established VAE-based approach with learned-prior and diffusion-

based sampling strategies under a unified experimental setting. The TCVAE is retained as the ref-
erence baseline because it is one of the earliest VAE-based architectures developed specifically for
four-dimensional aircraft trajectory generation and has subsequently been adopted as an established
benchmark in aviation trajectory-generation studies.

3. Datasets and preprocessing

We use arrival trajectories at Zurich Airport (LSZH) and Tianjin Binhai International Airport (ZBT]J),
reconstructed from OpenSky Network surveillance data [10]. The public landing_zurich_2019 col-
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Zurich airport Tianjin airport

Figure 1. Example arrivals at Zurich (left) and Tianjin (right). Dashed circles indicate distances of 40 and 60 NM from the
respective airports.

lection, distributed with the traffic library [29], covers 1 October to 30 November 2019 and has
been used in previous trajectory-generation studies [3, 27]. The Tianjin dataset covers 1 August to

30 September 2026. Both datasets provide position, altitude, ground speed, and track, with runway
and initial-flow labels available as metadata.

Before fixed-length resampling, the Tianjin data are filtered using the techniques described by Olive
et al. [30]. We use the aggressive configuration in traffic, which combines rolling-window filter-
ing with derivative- and cluster-based checks to address isolated outliers and consecutive erroneous
reports. The filtered trajectories are resampled at one-second intervals before conversion to the
common model representation.

We select a radius of 40 NM around Zurich and 60 NM around Tianjin to retain the main arrival
patterns in their respective terminal manoeuvring areas. For Tianjin, we additionally exclude Airbus
test flights associated with the nearby assembly plant, as their flight patterns can differ from those
of regular arrivals. This exclusion keeps the dataset focused on regular arrival operations.

For modelling, each trajectory is resampled to 200 chronological points and represented by track
in degrees, ground speed in knots, altitude in feet, and elapsed time in seconds. Geographic paths
are recovered by backward integration from a fixed landing endpoint. Flights are partitioned into
training, validation, and test sets. Normalization statistics are fitted separately for each timestep and
feature using the training set only, then applied unchanged to validation and test data.

4. Methodology

4.1 Variational autoencoders for temporal trajectories

A classical autoencoder learns a deterministic encoder z = f(x) and decoder X = gg(z) by mini-
mizing the reconstruction error between an observation x and its reconstruction X. This method is
commonly used for anomaly detection or for trajectory clustering, as distances in a compact latent
space are not subject to the curse of dimensionality. Although the resulting bottleneck can pro-
vide a compact representation, the encoded points are not required to follow a known probability
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distribution.

The model consequently provides no principled rule for drawing a new latent vector that can be
decoded as a new observation. A Variational Autoencoder (VAE) instead defines a probabilistic
latent-variable model [31]. Its encoder maps each observation to a distribution over latent vari-
ables, and training regularizes these distributions with respect to a prior from which new samples
can be drawn. For an observed trajectory x, the encoder defines the approximate posterior

421 0) = N (1o (), diag (%, () ). )

while the decoder specifies pg(x | z). The parameters are estimated by maximizing the evidence
lower bound,

L(%) = By zjw[log po(x | 2)] = Dxw.(qe (2 | 2) || p(2)) , ()

which trades reconstruction accuracy against agreement between the posterior and a chosen prior
p(z). After training, new trajectories are obtained by sampling z from the prior and decoding it.
Figure 2 summarizes the two paths through the model: posterior inference and reconstruction during
training, and prior sampling during generation.

e~ N(,I)

trajectory temporal 9 (z | x)z latent sample temporal trajectory
x encoder K (x), log 07y, (x) z decoder x
A

| generation

z~p(2)

Figure 2. Variational autoencoder for trajectory reconstruction and generation. During training and reconstruction, the
encoder parameterizes qq(z | x) and the reparameterization step produces z. During generation, this path is replaced by a
sample from the prior p(z); the same decoder then maps z to a trajectory.

Trajectory data are ordered sequences rather than independent feature vectors. We therefore use
the Temporal Convolutional VAE (TCVAE) introduced in [3]. Its encoder and decoder replace fully
connected mappings with temporal convolutional networks [32]. Dilated causal convolutions en-
large the receptive field across successive blocks, while residual connections support optimization
of the deeper temporal network. The resulting model captures dependencies along the trajectory
while retaining a fixed-dimensional latent representation.

Figure 3 follows 100 held-out Zurich trajectories through encoding and decoding. The posterior
codes depend on those inputs; they are not prior draws. Comparing these reconstructions with the
inputs tests representation and decoding, not generation.

The latent vectors have 64 components, so their distribution cannot be shown directly in two di-
mensions. We fit principal component analysis (PCA) to the training posterior samples and project
both training and held-out codes onto its first two components. This projection is used only for
visualization; encoding, decoding, and latent diffusion use all 64 dimensions.

4.2 Sampling the TCVAE latent space

The usefulness of the TCVAE as a generator depends on the distribution used to draw latent vec-
tors. During reconstruction, an observed trajectory x is first passed through the encoder, and the
decoder receives either a sample from its approximate posterior g, (z | x) or the posterior mean
g (x). Reconstruction therefore does not require sampling from the prior p(z). During generation,
by contrast, no observed trajectory is available to define a posterior, so the decoder must receive a
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PC2 (10.8%)

-10 10 20
|} PC1 (17.7%)

Input trajectories Encoded trajectories Reconstructions

Figure 3. Reconstruction is not generation: the same 100 held-out Zurich runway-14 inputs, their posterior samplesina PCA
projection, and their decoder reconstructions. The input and reconstruction paths use the same kinematic-to-geographic
conversion. Good agreement here does not establish the quality of prior-generated trajectories.

latent vector drawn from the prior or from another learned latent generator. A low reconstruction
error therefore shows that the encoder-decoder pair can represent the observations, but it does not
establish that the sampling distribution used for generation covers the same regions of latent space.

For a fixed observation, drawing z from q¢,(z | x) is conditional. Selecting a training observation
uniformly and then sampling its posterior instead defines an empirical mixture [33]:

N
1

o2 = 5 2, 90(21 %) ©)

This is a valid sampling distribution, although it retains a dependence on the stored training popu-

lation. We use posterior samples as a reconstruction diagnostic rather than adding this empirical-

mixture generator to the benchmark.

The learned alternatives considered here are a VampPrior introduced for aircraft trajectories in [3]
and a diffusion model fitted in latent space. Both define generation mechanisms that can be used
without supplying a particular observed trajectory. Their agreement with the encoded population

must be evaluated rather than assumed.

In a standard VAE, the aggregate posterior need not be standard Gaussian, particularly when the
population contains several approach patterns. Figure 4 contrasts a fixed Gaussian with an illus-
trative learned mixture. It is a conceptual view, not a measurement of the present model’s latent
density.

The first learned strategy is the Variational Mixture of Posteriors prior (VampPrior) [33], used for

aircraft-trajectory generation in [3]. Rather than imposing a fixed Gaussian prior, the VampPrior
defines

K
pramp(® = = " 4oz | X @
k=1

where X are learned pseudo-inputs and K is the number of mixture components. Each pseudo-
input is passed through the same encoder as an observed trajectory and therefore parameterizes one
Gaussian component in latent space. The pseudo-inputs and the encoder are optimized jointly with
the decoder. At generation time, no observed trajectory is required: a component is selected from
the learned mixture, a latent vector is sampled from that component, and the decoder maps it to a
trajectory.
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Latent 2 Latent 2

) 2 Latent 1 P 3 Latent 1

Fixed Learned
Gaussian prior mixture prior

Figure 4. The prior schematics used in the slides. Grey pointsillustrate an encoded population; orange pointsillustrate prior
draws. The fixed Gaussian and mixture are conceptual sampling distributions, not empirical results or a matched trained-
prior ablation.

4.3 Diffusion-based trajectory generation

Diffusion models generate samples by learning to reverse a predefined process that progressively
corrupts data with Gaussian noise [24]. For a clean trajectory representation x, a noisy sample at
diffusion step ¢ is constructed as

xr = Vauxg + V1 — &; €, e ~ N(0,1), (5)

where &; is the cumulative signal-retention coefficient determined by the noise schedule. The index
t denotes the diffusion step and therefore the noise level, rather than elapsed time along a flight.

During training, we sample a clean trajectory x, a diffusion step ¢ uniformly from {1,..., T}, and
Gaussian noise €. The resulting noisy trajectory x; and the diffusion step t are supplied to a neu-
ral network eg(xy, t), which predicts the added noise. The network is trained by minimizing the
simplified noise-prediction objective

Lom(0) = Exre[lle — eolxr 1)ll3]- (6)

This objective penalizes the difference between the sampled noise and the network prediction, en-
abling the model to learn denoising across different noise levels. The noisy training sample can be
constructed directly at the selected step using the forward-process equation, without executing the
entire noising sequence.

Generation starts from a fresh Gaussian noise sample with the same dimensions as the trajectory
representation. At each sampling step, the network predicts the noise in the current state, and a
prescribed reverse update uses this prediction to obtain a state at a lower noise level. Repeating
these updates produces a new trajectory representation without requiring an observed trajectory as
input. Figure 5 summarizes the distinction between constructing noisy examples for training and
generating new samples through iterative denoising.

The direct diffusion baseline operates on the common normalized trajectory tensor defined in Sec-
tion 3. Its noise prediction has the same dimensions as the input tensor, covering all trajectory points
and feature channels. The model therefore learns to generate the trajectory features jointly, without
relying on an autoencoder representation.

Figure 6 illustrates the evolution of generated trajectory features during sampling.
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generation

fresh Gaussian noise denoised state plausible clean estimate
X1 ~ N(0,1) X Xo

fixed forward process: add Gaussian noise —— learned reverse process: denoise

observed sample
Xo

noisy sample nearly Gaussian
Xt Xr

Figure 5. Training and generation with a diffusion model. The fixed forward process constructs noisy training examples from
observed samples. Generation is a separate process: it starts from a fresh Gaussian draw and applies the learned denoiser
repeatedly to produce X, an estimate of a plausible clean sample. The dashed line separates the training and generation
paths; the generated sample is not a reconstruction of the particular observation x;.

t = 1000 t =200 t =50 t=0

Figure 6. Zurich runway-14 denoising stages for 100 samples, using DDIM sampling [34]. DDIM applies a different sampling
update to the DDPM-trained noise predictor; with 1 = 0, the updates are deterministic given the initial noise sample. The
geographic display uses fixed timing and groundspeed bounded to 30-600 kt. Noisy intermediate states are not physical
flights; the panels illustrate generation rather than a sequence of observed aircraft positions.

4.4 Latent diffusion

We fit a diffusion model to the latent space of a VampPrior-trained TCVAE, following the encode-
generate-decode approach used by Larsen et al. [27]. The diffusion model generates new latent
vectors, which the existing TCVAE decoder maps to trajectories. Denoising therefore takes place in
a 64-dimensional latent space rather than in the trajectory tensor.

The TCVAE is trained first, and its encoder and decoder are then frozen. We draw one posterior
sample for each training trajectory and standardize the resulting latent vectors using training-set
statistics. The latent denoiser is trained with the noise-prediction objective in Equation 6: Gaussian
noise is added at a randomly selected diffusion step, and the network learns to predict it by minimiz-
ing the mean squared error. Only the denoiser parameters are updated during this stage. Its training
data come from encoded trajectories rather than the VampPrior pseudo-inputs.

During generation, sampling starts from Gaussian noise in the standardized latent space. Iterative
denoising produces a new latent vector, which is transformed back to the original latent scale be-
fore decoding. This allows us to compare diffusion-based latent generation with direct VampPrior
sampling while retaining the same frozen decoder. Figure 7 illustrates the latent denoising process.

4.5 Implementation framework

The experiments are implemented in a Python framework named chabuduo, available on GitHub at
https://github.com/Rowan4399/chabuduo. The framework uses separate command-line stages for
data acquisition, preprocessing, tensor preparation, validation, training, sampling, and plotting. Its
architecture has three components:

- Data preparation. Surveillance trajectories are processed with traffic and converted into fixed-
length tensors. Trajectory identifiers, representation metadata, data partitions, and training-set
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Figure 7. Illustration of latent diffusion sampling at updates 0, 600, 800, and 1000 (left to right). Encoded training trajectories
(grey) and sampling particles (green) are shown in the same fixed two-dimensional PCA projection. Denoising takes place
in the full 64-dimensional latent space.

normalization statistics are saved alongside these tensors, allowing different models to reuse the
same prepared inputs.

+ Models and training. Neural models operate on normalized tensors rather than aviation-domain
objects. The training code handles optimization and validation-based checkpoint selection, with
configurations, environment records, and loss histories retained in run directories.

« Sampling and plotting. Sampling reads a checkpoint and writes a generated bank with its ran-
dom seed and sampling settings. Geographic conversion and plotting are separate from the neural
models, so saved samples can be inspected without repeating training or generation.

We provide on the GitHub repository the YAML configuration files for each execution, specifying
data preparation, model and training parameters, random seeds, and sampling settings.

5. Results

The results below compare the VampPrior TCVAE, direct diffusion, and latent diffusion through
the frozen VampPrior decoder, with held-out real trajectories as the baseline. Models are trained
separately for each airport.

To keep the training manageable and focus the comparison, we use runway-specific arrival subsets
rather than the complete airport collections: runway 14 at Zurich and runway 16L at Tianjin. Table 1
gives the partitions used for the model comparisons. All map panels contain 100 trajectories per
source, taken from saved sample banks without filtering for visual quality. Checkpoints are selected
on validation data. VampPrior sampling and latent diffusion share the same frozen decoder within
each dataset, allowing their latent generation mechanisms to be compared.

Table 1. Trajectory counts for the runs shown in the Results figures.

Dataset Training Validation Test
Zurich runway 14 9,814 2,103 2,103
Tianjin runway 16L 2,261 484 486

5.1 Geographic samples

Figure 8 provides a first visual assessment of variability around the main arrival flows. For Zurich
(top row), VampPrior reproduces these flows most clearly, although some paths are irregular on
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Zurich runway 14

Tianjin runway 16L

/2 7

Held-out reference Direct DDPM Latent DDPM

Figure 8. Geographic comparison for Zurich runway 14 (top) and Tianjin runway 16L (bottom), with 100 trajectories per
panel. Columns show the held-out reference, VampPrior TCVAE, direct DDPM, and latent DDPM through the frozen Vamp-
Prior decoder. All four panels within each dataset share the same map extent.

final approach. Direct DDPM is also visually promising on the later approach segments, but its initial
paths are more dispersed. Convergence at the landing point itself is imposed by construction. Latent
diffusion, also explored by Larsen et al. [27], is less convincing here, with more diffuse patterns and
looping paths. o

The same broad pattern appears at Tianjin (bottom row). The held-out trajectories are concentrated
around the main approach flow, whereas the generated trajectories introduce more spread than is
present in the baseline. For Tianjin, latent DDPM does not reproduce the concentration of the held-
out arrival flow.

5.2 Feature distributions

Figure 9 shows generated groundspeed and altitude profiles generally centred close to the held-out
profiles, with broadly similar or slightly narrower spread.

Sampling can also produce irregular paths, such as the example in Figure 10. The observed routes
displayed as the closest latent neighbours bear some broad resemblance to the generated trajectory,
but do not reproduce its full geometry. In this example, the irregular trajectory corresponds to a
code in a sparsely populated region of the PCA projection.

5.3 Simulator replay

The physical evaluation proposed by Olive et al. [5] measures how closely an aircraft simulator can
reproduce an intended trajectory under an aircraft-performance model. We follow this principle
using MiniSky, a lightweight version of BlueSky [35], with OpenAP. Each observed or generated

trajectory supplies route, speed, and altitude instructions to the autopilot. We compare the intended
and replayed trajectories using two distance measures: symmetrized segment-path distance (SSPD),
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Zurich runway 14
Groundspeed [kt] Altitude [ft]
400 BEmame - NI =S —
200
Tianjin runway 16L
Groundspeed [kt] Altitude [ft]
400 o 20000
100 150 200
Sample index

Sample index
Latent DDPM

=== Held-out Direct DDPM VampPrior

Figure 9. Groundspeed and altitude profiles for 100 trajectories per source, represented by 200 points. Lines show medians;
generated bands and dashed reference boundaries show the 5th-95th percentile intervals. The top row is Zurich runway

14 and the bottom row is Tianjin runway 16L.
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Figure 10. Archived Zurich latent-space and route diagnostic. Left: a generated code (orange star), observed codes (grey),
and highlighted neighbours in a two-component PCA projection. Right: observed and generated routes retained from the

presentation.
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which compares path geometry, and dynamic time warping (DTW), which aligns ordered position
sequences. The archived procedure selects a complete replay candidate by minimum altitude mean
absolute error before reporting these horizontal distances.

Zurich runway 14 —— Held-out reference —— Direct DDPM VampPrior —— Latent DDPM

Cumulative probability
g 2

=
Ny
.

o

1,600 2,400 3,200 1.8 2.4
SSPD [m] Cumulative DTW [10¢ m]

Figure 11. Archived Zurich runway-14 replay discrepancies for the held-out reference and three generators. Left: sym-
metrized segment-path distance (SSPD), in metres. Right: cumulative, unnormalized dynamic time warping (DTW), dis-
played in 10° metres. Each distance compares an intended trajectory with its own MiniSky replay. Lower discrepancies shift
a curve towards the left.

Even historical trajectories are not replayed exactly. Discrepancies can arise from observational
uncertainty, unknown flight parameters and meteorological conditions, and approximations in the
simulator and instruction conversion. With perfect replay, every distance would be zero and each
cumulative distribution would jump to one at zero distance. We therefore compare generated trajec-
tories with the held-out replay baseline in Figure 11, asking how closely their distance distributions
approach the reference curve.

Direct DDPM is generally closer to this reference than VampPrior, most clearly for SSPD; the DTW
curves are less separated. This suggests that its generated paths are easier to follow under the chosen
replay procedure, despite the more convincing geographic flows produced by VampPrior. Latent
DDPM remains less satisfactory in this comparison. Visual similarity and simulator replay thus
provide different assessments of the same generated trajectories.

5.4 Recorded computational cost

Table 2. Recorded training time and completed epochs for the Zurich runway-14 and Tianjin runway-16L runs.

Zurichrunway 14  Tianjin runway 16L

Training stage Time (h) Epochs Time(h) Epochs
VampPrior TCVAE 64.73 251 17.32 273
Latent DDPM denoiser 0.89 500 0.21 500
Direct DDPM 2.39 700 0.64 700

Under our experimental settings, direct DDPM required substantially less recorded training time
per epoch than VampPrior TCVAE on both datasets. For Zurich, direct DDPM averaged 12.29 s per
epoch, compared with 15.47 min for TCVAE. For Tianjin, the corresponding averages were 3.28 s
and 3.81 min. The latent DDPM denoiser required even less time per epoch, averaging 6.40 s for
Zurich and 1.54 s for Tianjin.

The preceding VAE training dominated the total cost of latent diffusion. Including this stage, the
recorded two-stage totals were 65.62 h for Zurich and 17.53 h for Tianjin. Direct DDPM therefore
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had the lowest total recorded training cost among the three approaches in these experiments. This
comparison reflects the configured architectures, batch sizes, and training budgets.

6. Concluding remarks

This study compared a temporal convolutional variational autoencoder with a learned VampPrior,
direct DDPM, and latent DDPM using ADS-B arrival trajectories at Zurich and Tianjin airports.
Shared preprocessing, trajectory representations, and data partitions supported comparisons of geo-
graphic patterns and feature profiles, complemented by aircraft-performance-based simulator replay
for Zurich.

VampPrior reproduced the main arrival flows more clearly than latent DDPM, which generated more
dispersed and irregular paths despite sharing the same frozen decoder within each dataset. Under the
configurations examined, diffusion-based latent sampling did not improve generation over Vamp-
Prior sampling. This comparison illustrates why the quality of a learned representation and the
mechanism used to sample it must be assessed separately.

Geographic resemblance and simulator replay favoured different generators. For Zurich, direct
DDPM generally produced replay discrepancies closer to the held-out reference than VampPrior,
particularly for SSPD, despite the clearer geographic flows obtained with VampPrior. Direct DDPM
also required less recorded training time per epoch. These findings motivate further investigation
of direct diffusion, while showing that visual agreement with observed traffic provides only part of
the assessment of generated trajectories.

Future work will examine how diffusion model design and sampling strategies affect geographic
variability and replayability. The relatively low recorded training cost of direct DDPM makes these
experiments more practical. Extending the benchmark to conditional generation would also allow
models to be compared on specified operational settings, such as an arrival route or aircraft type.
Such comparisons should assess whether models satisfy the requested conditions while retaining
realistic variability and consistency with aircraft performance.
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sampling settings. The final paper will identify the release or commit used for the reported experi-
ments and provide the corresponding processed-artifact and checkpoint metadata.
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