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Abstract—The development of realistic synthetic trajectory data
is essential for the planning and validation of future Air Traffic
Management concepts. Deep generative models have emerged
as state-of-the-art methods for synthetic trajectory generation
due to their ability to learn complex dynamics. In particular,
Variational Autoencoders (VAEs) have gained significant atten-
tion because of their stable training. However, for the generated
data to be trusted, model interpretability is crucial. A key
aspect for interpretability is the analysis of the latent space,
where the essential features and patterns of trajectory behavior
are encoded. However, in practice, many latent dimensions
remain weakly utilized or collapse toward the prior, limiting
interpretability and effective use of latent capacity.

In this work, we study latent dimension activity in tem-
poral VAEs trained on real-world aircraft trajectory data,
with a specific focus on how Kullback-Leibler (KL) divergence
regularization, a penalty added to the model’s loss function,
affects the number of active latent dimensions. We adopt a
temporal convolutional VAE with fixed latent dimensionality
and formulate the KL divergence as an average over latent
dimensions, thereby controlling the information content per
dimension.

Additionally, we then introduce a modified training objective
that explicitly suppresses near-collapsed dimensions through
masking and reweighting of the KL term. Our results show
that this intervention significantly increases the number of active
latent dimensions without degrading reconstruction accuracy.
Ultimately, this will improve understanding of the decisions
behind trajectory generation, enabling wider adoption.

Keywords—Variational autoencoders, latent space utilization,
posterior collapse, trajectory modeling

I. INTRODUCTION

The transition toward Trajectory-Based Operations (TBO)
fundamentally changes the role of aircraft trajectories in
air traffic management (ATM). Rather than being implicit
outcomes of tactical control, trajectories become explicit,
shared, and continuously updated objects used by ground au-
tomation and decision-support systems. Future ATM concepts
assume that rich trajectory information will replace traditional
flight plans and serve as a common reference for planning,
synchronization, and complexity management across stake-
holders [1]. This vision implicitly requires reliable models
that can compactly represent, reproduce, and generate realistic
trajectories from data, an aspect that remains largely under-
explored in practical settings, especially when generative use
(sampling) is required [2].

Deep generative models provide a natural framework for
learning compact latent representations of complex trajectory
distributions. Recent work has demonstrated that VAEs in
particular can learn realistic aircraft trajectory distributions
in terminal areas and can serve downstream tasks such as
uncertainty quantification and risk estimation [5]–[8]. How-
ever, despite their promise, VAEs often exhibit a recurring
practical issue: only a subset of latent dimensions meaning-
fully contributes to the representation, while many dimensions
become effectively inactive. The result is that the model is not
fully utilizing its capacity, and less meaningful information
is used for creation of the trajectories. Additionally, models
trained for high-fidelity reconstruction, such as VAEs, can
produce latent distributions that deviate from the assumed
prior. Potentially, different dimensions of the latent space may
be used. These new dimensions may lead to the production of
new, unrealistic trajectories. In trajectory generation contexts
relevant to TBO, both phenomena are problematic: unused
latent capacity reduces representational efficiency, and poor
prior sampling undermines the ability to generate plausible
“what-if” trajectories on demand.

This work revisits the frequently used VAE approach for
trajectory modelling with a specific focus on the behavior
and utilization of latent dimensions under KL divergence
regularization. In other words, we aim to increase the number
of active latent dimensions to produce more meaningful and
interpretable trajectories, while reducing empty dimensions
that could lead to unrealistic or inconsistent trajectories when
sampled. We adopt a temporal convolutional VAE architecture
inspired by prior work on terminal-area trajectory model-
ing [5], but re-implement it in a streamlined setting aligned
with our data representation and analysis objectives. The
contributions of this paper are as follows:

• A controlled empirical analysis of latent dimension ac-
tivity in temporal VAEs trained on real-world trajectory
data, using a KL divergence formulated as an average
over latent dimensions.

• A principled procedure for selecting the KL weight
based on an explicit reconstruction reference and a target
KL value per latent dimension, enabling interpretable
and reproducible regularization scaling.

• An experimental evaluation of masking and weighting
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strategies as anti-collapse interventions, demonstrating
their effect on the number of active latent dimensions
under fixed model capacity.

The remainder of the paper is organized as follows.
Section II reviews related work on data-driven trajectory
modeling and generative approaches. Section III describes
the data representation, model architecture, and training ob-
jective. Section IV details the experimental setup. Section V
presents reconstruction, KL regularization, and latent activ-
ity results, including comparisons between non-masked and
masked objectives, and provides qualitative generation exam-
ples. Finally, Section VI concludes the paper and discusses
implications for trajectory modeling in TBO contexts.

II. LITERATURE REVIEW

Data-driven approaches rely on statistical and machine
learning methods that aim to predict or generate trajectories
directly from past observations. When it comes to mod-
elling flight trajectories, stochastic processes appear to be
the most appropriate tool: within a given flow, every flight
is a realization of the same random function [10]. Unlike
model-driven methods, no simplifications of the physical
models are required, and uncertainty can be incorporated
more naturally [11]. By learning directly from observed
trajectories, these methods approximate the underlying data
distribution and generate new samples that reflect real-world
variability. Additionally, in model-driven methods, only the
consequences of uncertainty (e.g., deviations in trajectories)
can be reproduced, while the sources of uncertainty such as
ATC maneuvers, human factors, or unexpected weather re-
main unmodeled [7], [10]. Data-driven methods overcome this
limitation by directly estimating the distribution of observed
trajectories and sampling from it, which makes synthetic
trajectory generation more representative of actual operations.

Several trajectory generation approaches are based on
Markov chain formulations. For example, [12] apply a
Markov chain model to observed en-route trajectories, where
stochasticity captures deviations caused by wind, navigation,
or ATC interventions. In their work, randomness is introduced
into a 2-D straight flight path with constant speed, and
importance splitting is then applied to estimate conflict proba-
bilities. Although this demonstrates the potential of Markov-
based methods for incorporating randomness, the approach
remains limited to simple, straight trajectories with constant
altitude and speed.

Clustering methods have also been applied. Eckstein et
al [13] use K-means clustering to define groups of 1-D
climb profiles, with each centroid representing the nominal
trajectory of its cluster. Murça et al, for example, employ
clustering for arrival trajectories at São Paulo Airport, model-
ing each cluster with a multivariate Gaussian distribution [2].
Synthetic trajectories are then generated by sampling from
the corresponding distribution.

Dimensionality reduction is another technique for trajectory
generation. Eckstein et al [14] apply Principal Component
Analysis (PCA) to project trajectories onto lower-dimensional
spaces and generate new trajectories within this latent repre-
sentation. First, this is extended by projecting altitude and

speed profiles using PCA, fitting a distribution in the latent
space, and generating new profiles via inverse transforma-
tion [15]. Second, functional PCA is further developed as
trajectories are now treated as continuous functions rather
than discrete points [16]. However, PCA-based methods do
not always ensure that generated trajectories fully respect the
statistical properties of the original data.

More advanced machine learning methods have also been
investigated. Generative Adversarial Networks (GANs) [17]
represent a common non-linear alternative for trajectory gen-
eration, though they are notoriously difficult to train due to
the Min-Max optimization problem. Moreover, GANs tend to
reproduce common patterns effectively but may fail to gener-
ate rare or outlier trajectories, such as emergency maneuvers.
Other statistical approaches include the use of statistical
copulas, as explored by Timothe et al [10] for modeling the
distribution of go-around trajectories at Zurich Airport. This
method successfully reproduced lateral trajectory shapes but
could not extend to vertical profiles.

To overcome the limitations of earlier approaches, recent
research has turned to deep generative models. In particular,
trajectory generation methods based on VAEs [7] [5] [6]
have demonstrated strong potential. By learning a latent
representation of complex four-dimensional trajectories, VAE-
based models capture both common and rare behaviors while
naturally incorporating uncertainty. However, most existing
works primarily evaluate these models through reconstruction
accuracy or downstream performance, while the structure,
utilization, and effective dimensionality of the learned latent
space remain largely unexplored. Extensions such as VQ-
VAE and Deep VAE frameworks enable the generation of
realistic, high-dimensional synthetic trajectories that more
closely reflect operational variability [6].

Building on this line of research, Cho et al [18] introduced
the use of flow matching techniques for generating trajecto-
ries. This method leverages probabilistic modeling to assess
route feasibility in terminal airspace and provides a structured
approach for capturing the inherent uncertainty of urban air
mobility operations. Flow matching offers a promising alter-
native to classical generative methods by aligning generated
trajectories with observed distributions in a more controlled
and probabilistic manner. In addition, Sun et al [19] proposed
a transformer-based trajectory prediction model conditioned
on Eurocontrol B2B flight messages. This approach utilizes
the attention mechanism to model long-range dependencies
in flight trajectories and integrates operational information
from B2B datasets. The method demonstrates strong potential
for supporting air traffic demand forecasting by generating
realistic trajectory patterns that adapt to both traffic flow and
operational constraints.

It is evident that VAEs are the state-of-the-art in the
explored architectures. However, to the best of the author’s
knowledge, no work has yet covered the aspect of explain-
ability of the generation procedure. This paper aims to cover
this gap, targeting the latent space to increase explainability.
By making the latent dimensions more uniformly utilized,
we aim to achieve disentanglement between the dimensions,
thereby enabling a clearer understanding of how each latent
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variable contributes to the final result. We apply to this work
to the use case of aircraft trajectories generation.

III. METHODOLOGY - VARIATIONAL AUTOENCODER
ARCHITECTURE

We adopt a VAE architecture for modeling aircraft trajec-
tories as fixed-length multivariate time series. The overall
design is inspired by prior work on temporal convolutional
VAEs for trajectory generation in terminal airspace, notably
the Temporal Convolutional Networks (TCN)–VAE frame-
work introduced in [5], which demonstrated that temporal
convolutional encoders and decoders are well suited to capture
the strong temporal correlations present in aircraft trajectories.

In contrast to classical fully connected VAEs, the encoder
and decoder are implemented using TCNs, enabling efficient
modeling of long-range temporal dependencies while pre-
serving causality. The encoder maps each input trajectory,
qϕ(z | x), to the parameters of a diagonal Gaussian posterior
distribution:

qϕ(z | x) = N (µ(x), diag(σ2(x))),

where µ ∈ RD and σ2 ∈ RD denote the latent mean and
variance, respectively, and D is the latent dimensionality.
Latent samples are obtained using the reparameterization
trick [3].

Prior work [5] [7] employs a VampPrior to increase the
flexibility of the latent prior distribution and improve coverage
of the latent space for trajectory generation. This introduces
complexity in the latent distribution, making the interpretation
and analysis of latent dimensions more difficult. In this
study, we replace the VampPrior with a standard isotropic
Gaussian prior p(z) = N (0, I). This choice is motivated by
the objective of the paper: rather than maximizing sample
diversity alone, we aim to study how the balance between
reconstruction fidelity and latent regularization affects latent
dimension utilization, posterior collapse, and downstream
sampling behavior. A simple prior allows direct inspection
of per-dimension KL divergence and facilitates controlled
experiments on the effect of the β coefficient in the VAE
objective, which will be further explained in Subsection III-A.

The decoder mirrors the encoder architecture and recon-
structs trajectories from latent samples by mapping z back
to the original time-series space. Trajectory generation is
then performed by sampling from structured regions of the
latent space obtained through clustering of encoded latent
means. This approach allows us to separate the effects of
latent regularization from those of sampling strategy, which
is central to the experimental analysis presented in this paper.

A. Training Objective and Loss Formulation

The model is trained by minimizing total loss LT OT AL:

LTOTAL = Lrecon + β · wKL(t) · LKL, (1)

where:
• The reconstruction term Lrecon is defined as the mean

squared error (MSE) between the reconstructed and
original trajectories, where B denotes the batch size,

F the number of features, and T the sequence length.
Let xb ∈ RF×T denote an input trajectory and x̂b its
reconstruction. The reconstruction loss is given by:

Lrecon =
1

B · F · T

B∑
b=1

F∑
f=1

T∑
t=1

(x̂b,f,t − xb,f,t)
2 (2)

• β controls the relative importance of latent regulariza-
tion.

• wKL(t) is a time-dependent warm-up factor that in-
creases according to a polynomial warm-up schedule
and remains constant thereafter, gradually increasing the
influence of the KL term during training.

• The latent loss term LKL is defined as:

LKL =
1

B ·D

B∑
b=1

D∑
d=1

KLb,d (3)

where D denotes the latent dimensionality. This for-
mulation explicitly controls the information content per
latent dimension while allowing the total KL divergence
to scale with the latent capacity. The encoder outputs
the parameters of a diagonal Gaussian posterior qϕ(z |
xb) = N (µb, diag(σ

2
b )), while the prior is chosen as an

isotropic standard normal distribution p(z) = N (0, I).
For each latent dimension d, the dimension-wise KL
divergence for sample b is given by:

KLb,d =
1

2

(
µ2
b,d + σ2

b,d − 1− log σ2
b,d

)
(4)

In contrast to the classical β-VAE formulation, where
the KL divergence is summed over latent dimensions,
we compute the KL term as an average over latent
dimensions and over the batch.

In a second stage of experimentation, we introduce a
modified masked and weighted KL regularization Lmasked

KL .
Instead of penalizing all latent dimensions equally, the KL
term is computed only over latent dimensions whose average
KL divergence exceeds a predefined threshold, indicating non-
negligible information content. The remaining active dimen-
sions are reweighted according to their relative KL magnitude,
encouraging a more balanced allocation of information across
the latent space. Let KLd denote the KL divergence of
latent dimension d, averaged over the batch. The masked and
weighted KL objective is defined as:

Lmasked
KL =

∑
d∈A wd KLd∑

d∈A wd
, (5)

where A denotes the set of active latent dimensions and
wd are dimension-specific weights. Masking prevents near-
collapsed dimensions from contributing to the KL objective,
ensuring that the regularization signal is concentrated on
informative dimensions. Inactive dimensions may re-enter the
active set only if reconstruction gradients increase their KL
above the threshold. The new total training objective is thus
given by:

L = Lrecon + β · wKL(t) · Lmasked
KL (6)
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We should note that this masked KL objective is a practical
anti-collapse heuristic and does not preserve a strict ELBO
interpretation as demonstrated in [3].

IV. EXPERIMENTAL DESIGN

This section explains the employed methods in Section III.
In this section we present the data processing choices and
assumptions (see Subsection IV-A) before delving into the
reasoning behind our choices of β values (Subsections IV-B
and IV-C). We then explain how the masked loss was de-
ployed and the masking threshold (Subsection IV-D). Finally,
we discuss how latent activity and latent collapse are detected
and parametrized (Subsection IV-E).

A. Problem Setup and Data Representation

We model aircraft trajectories as multivariate time series
of fixed length. Each trajectory is represented as a matrix
in RF×T , where F denotes the number of features and T
the number of time steps. In this work, T = 200 and F =
4, corresponding to planar position (x, y), altitude, and time
increment ∆t between successive observations.

The trajectory dataset used in this study is derived from
the arrival trajectories to runway 14, trimmed to a circle
of radius 40 nm, at Zurich Airport introduced in [5]. In
the original work, as well as in this work, trajectories
were extracted from ADS-B data provided by the OpenSky
Network [20], trimmed within the Arrival Sequencing and
Metering Area (ASMA), temporally resampled to a fixed
length of 200 points using linear interpolation, and aligned to
a common terminal reference point along the final approach.
This preprocessing yields smooth and temporally consistent
trajectories that are representative of complex terminal-area
operations. In contrast to the original paper, instead of using
track angle and ground speed, we present trajectories directly
in Cartesian coordinates (x, y) together with altitude and time
increments. This representation simplifies the interpretation of
reconstruction errors in the physical plane and avoids learning
implicit geometric correlations between angular and velocity-
based variables.

Prior to training, each feature is normalized to the range
[0, 1] using min–max scaling computed over the training
set. The dataset is split into training and validation subsets
using a fixed random seed to ensure reproducibility. All
experiments reported in this work rely on the same data split
and preprocessing pipeline.

B. KL Weight, β, and Latent Regularization

The objective of this work is to analyze how the choice of
the KL weight β influences the reconstruction loss and the
activity and utilization of latent dimensions. We do not tune
β to optimize a single performance metric, instead we use β
as a scale parameter to control the relative strength of latent
regularization with respect to a known reconstruction error
scale according to the optimization objective that minimizes
the total losses presented in equations 1 and 6. Specifically,
we consider a low β value where reconstruction dominates,
and then a higher β, where increased KL regularization
pressure may lead to partial or complete posterior collapse

of latent dimensions. This controlled variation allows us
to characterize how latent dimensions become inactive as
KL pressure increases, and to assess the effectiveness of
anti-collapse interventions under a fixed and interpretable
regularization scale.

C. Loss Scaling and β Selection

The reconstruction loss Lrecon defined in Equation (2) is
computed in normalized space. The planar coordinates (x, y)
originally span over a range of 80 nm. Each feature is
independently scaled to [0, 1] using min–max normalization
fitted on the training as stated earlier. Based on that we build
our reasoning later on upon 2 assumptions:

• We fix a minimum achievable reconstruction of value
5 × 10−7 and a minimum KL divergence of approx-
imately 0.5 nats/dim. The chosen reconstruction loss
was derived from the results of setting β = 0 in V-A. As
for the KL divergence of 0.5, it was not a minimum value
that we could not surpass, instead it was a minimum that
we wish to not get below.

• The reconstruction loss is uniformly distributed among
all 4 features. With that the reconstruction loss in equa-
tion 2 will be equal among all 4 features and hold the
same value.

With both assumptions it can be approximated that the
horizontal loss across the horizontal plane is approximately
105 m along each axis x and y per point on the trajectory.
This conversion provides a physical interpretation of the target
reconstruction loss used in the experiments.

To define meaningful values of β, we specify target operat-
ing ranges for both loss terms as stated in the first assumption.
A balanced reference value of β is therefore defined by
equating the order of magnitude of the reconstruction and
KL terms late in training:

βbalanced =
Ltarget

recon

Ltarget
KL

≈ 1× 10−6.

Other β values are obtained by scaling this reference value
by one order of magnitude in both directions, resulting
reconstruction-dominated and regularization-dominated oper-
ating regimes.

D. Masked loss Threshold Selection

In Subsection III-A we discussed two KL divergence
losses, and this section specifies the threshold chosen in the
masking KL divergence objective defining set A in equation
5. The average KL divergence in non masked settings with
highest regularization β = 10−5 was 0.64 (check Table II),
and since we want to allow a noticeable range between this
value and the threshold, it was chosen that the threshold will
be 1 for considering a dimension approaching collapse and
excluded from the set A. In the previous section (Subsection
IV-C) we stated that the minimum was 0.5, as this values
is what we desire to not exceed, but we can put a higher
constraint as we are not optimizing, but rather studying the
effect of β regularization.
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E. Latent Activity and Collapse Metrics

After training with different β values and applying both
losses presented in Subsection III-A, we aim to study the
latent space utilization. Latent space utilization is assessed us-
ing a set of dimension-wise metrics, computed independently
for each latent dimension on the validation set. These metrics
are designed to capture both the presence of information in
each dimension and the manner in which this information is
encoded. For each latent dimension d, we compute:

• The KL divergence between the approximate posterior
and the prior, averaged over the dataset KLd; Equation
4 with the validation set as the batch,

• The expected posterior variance, E[σ2
d].

• The standard deviation of the posterior mean Std(µd)

Together, these quantities provide a structured description
of latent behavior at the per-dimension level.

The KL divergence serves as the primary indicator of
latent activity. A latent dimension is considered active if
its average KL contribution exceeds a fixed threshold τ ,
indicating a non-negligible deviation from the prior and the
presence of information about the input data. Dimensions
whose KL contribution falls below this threshold are classified
as inactive and interpreted as having collapsed toward the
prior.

The remaining metrics are used to further qualify latent
behavior. The standard deviation of µd captures the degree
to which a latent dimension varies across the dataset and
reflects data-dependent structure in the latent representation,
while the expected posterior variance indicates the level of
uncertainty associated with that dimension. Latent dimensions
exhibiting negligible KL values, near-zero variation in µd,
and posterior variance close to that of the prior are indicative
of full posterior collapse, whereas active dimensions are
characterized by non-trivial KL values, structured variation in
µd, and posterior variances that deviate from the unit prior.

The mentioned criteria are assessed independently per
dimension to ensure a balanced representation. A few dom-
inant dimensions can lead to the rest of the dimensions to
be relatively inactive. Thus, the balance and uniformity of
these values across the latent dimensions is considered as an
indication of latent utility.

V. RESULTS

This section presents the empirical findings correspond-
ing to the experimental design described in Section IV.
We begin with the reconstruction-only baseline (β = 0)
to establish the reference loss scale and characterize latent
behavior without regularization pressure (Subsection V-A).
We then analyze the effect of varying the KL weight β under
both masked and non-masked objectives (Subsection V-B),
including reconstruction–regularization trade-offs and steady-
state KL behavior. Subsequently, we examine latent activity
and posterior collapse across operating regimes, comparing
masked and non-masked training (Subsection V-B, Latent
activity analysis). Finally, we provide qualitative trajectory
generation results at the balanced operating point β = 10−6

(Subsection V-C).

(a) KL divergence (not optimized)

(b) Reconstruction loss

Figure 1. Training and validation loss curves for the reconstruction-only 
baseline (β = 0). The KL divergence is shown for diagnostic purposes but 
does not contribute to the optimization objective.

A. Reconstruction Baseline and Loss Scale (β = 0)

We first establish a reconstruction-only baseline by training
the temporal VAE with β = 0, effectively removing the KL
divergence from the optimization objective. This experiment
provides a reference reconstruction scale and allows us to ex-
amine latent behavior in the absence of explicit regularization
pressure. Figure 1 reports the evolution of the KL divergence
(a) and the reconstruction loss (b). The KL divergence was
reported even though no optimization was applied on it for
both training and validation sets. Since β = 0, the total loss
is equal to the reconstruction loss.

The reconstruction loss decreases rapidly during the early
stages of training and continues to improve steadily over time,
eventually converges to a final value of 5.35×10−7 and 6.17×
10−7 in the training validation set, respectively. The close
agreement between training and validation curves indicates
stable optimization and no observable overfitting.

Although the KL divergence is not optimized in this
regime, it is reported to characterize the latent behavior in-
duced purely by reconstruction-driven training. After an initial
transient phase, the KL divergence stabilizes at approximately
7.79 nats on the training set and 7.81 nats on the validation
set. The decrease in the KL divergence throughout the training
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Figure 2. Dimension-wise latent statistics at convergence for the reconstruction-only baseline (β = 0), computed on the validation set. Latent dimensions are 
sorted by decreasing KLd.

shows that better reconstruction requires the latent position
of trajectories to approach the origin. It is theorized that this
behavior is due to the variational sampling from the latent
space that forces continuity and thus pushes trajectories closer
to each other making them approach the origin.

Table I summarizes the final training and validation losses
and defines the reconstruction error scale used to select and
interpret β values in the following experiments.

As for the latent dimension’s activity, the criteria discussed
in Subsection IV-E were applied. Figure 2 visualizes these
statistics across the D = 128 latent dimensions, sorted by
KLd. To enable comparison on a common axis, each metric is
normalized to [0, 1] independently across dimensions; the plot
therefore emphasizes relative patterns rather than absolute
magnitudes. Two qualitative behaviors are visible. First, the
highest-KLd dimensions also exhibit the largest variability in
µd, indicating that these coordinates carry substantial data-
dependent signal and contribute strongly to reconstruction.
Second, many remaining dimensions show lower std(µd) and
larger posterior variances, consistent with weaker data depen-
dence and greater uncertainty, even though KL regularization
is absent. This non-uniform allocation of information suggests
that latent capacity is not used evenly across dimensions, mo-
tivating the later analysis of latent activity and collapse under
β > 0 and under explicit masking/weighting interventions.

Figure 3. Validation reconstruction loss during training for different β values 
(log scale) for both masking and no-masking loss functions.

B. Effect of β on Reconstruction and KL Regularization

After establishing the baseline in the previous section we
start the experiments of varying β as explained in IV-C, tested
values are β ∈ {10−7, 10−6, 10−5}. These values were tested
in combination with both objectives, masked and non-masked,
presented in Subsection III-A.

In Figure 3 we see the corresponding validation reconstruc-
tion losses. Higher values of β lead to systematically worse
reconstruction accuracy, reflecting the trade-off imposed by
latent regularization. While β = 10−7 achieves reconstruc-
tion errors close to the β = 0 baseline, the reconstruction
loss increases by approximately one order of magnitude for
β = 10−5. Masking the loss function came with a slightly
increased reconstruction loss. Importantly, all runs converge
smoothly and exhibit stable validation behavior, indicating
that the observed differences are due to regularization effects
rather than optimization instability. Table II summarizes the
final loss values for different beta values for both masked and
non-masked losses.

In Figure 4, we see the evolution of the validation KL
divergence during training for the different β values with both
masking and non-masking objective functions. All models
exhibit a similar initial KL transient during early training,
followed by convergence to distinct steady-state KL levels.
As expected, increasing β results in progressively stronger

Figure 4. Validation KL divergence during training for different β values (log 
scale) for both masking and no-masking loss functions.
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(a) Non-masked, β=10−7

(b) Non-masked, β=10−6

(c) Non-masked, β =10−5

Figure 5. Dimension-wise latent statistics at convergence for non-masked training across different β values.

pressure toward the prior, yielding lower final KL values. For 
β = 10−7, the model retains a relatively high KL divergence, 
indicating weak regularization, whereas β = 10−5 enforces 
a much tighter posterior alignment with the prior. Again the 
final values of the losses can be seen in Table II. To compare 
the different objectives with and without masking, we focus 
exclusively on the validation losses, since the training losses 
are weighted and dependent on the active dimensions and 
their relative strength (see Equation 5). To enable comparison, 
the validation loss for masked settings was recomputed based 
on the non masked criteria from Equation 3. The effect of 
masking on the validation KL divergence is more evident

TABLE I. Final training and validation losses for the reconstruction-only 
baseline (β = 0) at the end of training.

Metric Train Validation
Reconstruction loss 5.35× 10−7 6.17× 10−7

KL divergence 7.79 7.81
Total loss 5.35× 10−7 6.17× 10−7

TABLE II. Final losses at step 2000 for different β values. Reconstruction 
values are reported in units of 10−6.

β Mask KLtrain KLval Rectrain Recval
10−7 No 4.62 4.63 0.607 0.697

Yes 5.04 4.93 0.620 0.736
10−6 No 1.84 1.84 0.928 1.040

Yes 3.48 2.05 1.220 1.366
10−5 No 0.63 0.64 2.890 3.350

Yes 1.84 1.06 6.450 6.450

when β is higher. This confirms the expected behavior that,
when β increases, more dimensions are prone to collapse.
The masked KL divergence loss will thus have greater effect
in stopping the collapse and increasing the average KL
divergence. These results establish a clear operating spectrum
for β and motivate the selection of β ≈ 10−6 as a balanced
regime in which non-trivial KL regularization is achieved
without a severe degradation of reconstruction fidelity.

In the following sections, we analyze how these different
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(a) Masked, β=10−7

(b) Masked, β=10−6

(c) Masked, β =10−5

Figure 6. Dimension-wise latent statistics at convergence for masked training across different β values.

operating points affect latent dimension activity and posterior
collapse behavior.

1) Latent activity analysis: We analyze how latent infor-
mation is distributed across dimensions under different KL
regularization regimes and how masking affects this alloca-
tion. The analysis is based on the per-dimension statistics
shown in Figs. 5 and 6, where latent dimensions are sorted
by decreasing KLd.

a) Non-masked training.: For weak regularization (β =
10−7), the KL divergence is distributed across a relatively
large subset of latent dimensions. Although a decreasing
profile is visible, a substantial fraction of dimensions exhibits
non-negligible KL contributions. The corresponding std(µd)
values follow a similar trend, indicating that these dimen-
sions encode meaningful data-dependent variation. Posterior
variances E[σ2

d] remain below the prior level for many dimen-
sions, confirming active latent usage.

At the balanced operating point (β = 10−6), a separation
emerges between active and inactive dimensions. A moderate

subset of latent coordinates retains significant KL contri-
butions, while the remaining dimensions exhibit KL values
close to zero. These low-KL dimensions are characterized by
near-zero variation in µd and posterior variances approaching
that of the prior, consistent with partial posterior collapse.
Importantly, KL mass becomes increasingly concentrated
in the leading dimensions, indicating uneven allocation of
information.

Under stronger regularization (β = 10−5), collapse be-
comes pronounced. Only a small number of leading dimen-
sions retain substantial KL contributions, while the majority
collapses toward the prior. The corresponding std(µd) values
decrease sharply beyond the leading subset, and posterior
variances approach unity for most dimensions. This regime
is characterized by strong information concentration and
effective reduction of usable latent capacity.

b) Masked training.: Introducing the masking strategy
alters the distribution of latent activity. For β = 10−7,
masking has limited effect, as most dimensions are already
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active under weak regularization. However, the KL distribu-
tion becomes slightly more uniform.

At β = 10−6, the impact of masking is more pronounced.
Compared to the non-masked baseline, KL contributions are
distributed across a larger number of dimensions. Instead of
a sharp drop after a small subset of dominant coordinates,
the KL profile exhibits a broader plateau. This indicates that
masking prevents near-collapsed dimensions from diluting the
regularization signal and encourages more balanced utiliza-
tion of latent capacity. The associated std(µd) values confirm
that additional dimensions encode structured variation rather
than noise.

For β = 10−5, masking mitigates the severe collapse
observed in the non-masked model. Although regularization
pressure remains strong, a larger subset of latent dimensions
maintains non-trivial KL values. While some concentration of
information persists, the overall distribution is more gradual
and less dominated by a few coordinates. This demonstrates
that the masking mechanism counteracts collapse even in
regularization-dominated regimes.

c) Information concentration and effective capacity.:
Across all β regimes, non-masked training tends to concen-
trate KL divergence in a small leading subset of dimensions
as regularization increases, effectively reducing the usable la-
tent dimensionality. In contrast, masked training redistributes
information more evenly and preserves a larger number of
active dimensions under identical architectural capacity.

These results confirm that posterior collapse in temporal
VAEs manifests not only as inactive dimensions but also
as strong imbalance in information allocation. The masking
intervention increases latent space utilization without alter-
ing model architecture, thereby improving effective capacity
under fixed latent dimensionality.

C. Trajectory Generation

To illustrate the generative behavior of the model under
the balanced regularization regime, we present a qualitative
sample of generated trajectories for β = 10−6 in Figure 7.
This value corresponds to the operating point identified ear-
lier, where reconstruction fidelity and KL regularization are
of comparable magnitude.

Figure 8 shows trajectories generated by the non-masked
VAE at β = 10−6. Latent vectors are sampled from clus-
tered regions of the aggregated posterior in latent space and
decoded into full trajectories using the trained decoder.

The generated samples exhibit smooth lateral motion and
structured terminal-area behavior consistent with the training
distribution, demonstrating that meaningful trajectory gener-
ation remains feasible at the balanced regularization level.

The quality of the generations are not assessed in this study
for now and will be left for future work. Olive et al [11]
presented evaluation metrics for generated trajectories that
will be assessed in future work.

VI. CONCLUSION & FUTURE WORK

This work investigated how to improve interpretability on
trajectory generation by improving latent dimension utiliza-
tion in temporal Variational Autoencoders, with particular

Figure 7. Sample of generated trajectories for β = 10−6. Latent samples are 
drawn from clustered regions of the aggregated posterior and decoded into full 
trajectories.

Figure 8. Qualitative generation results for the non-masked VAE with β = 10
−6. Latent samples are drawn from clustered regions of the aggregated 
posterior and decoded into full trajectories.

emphasis on the role of KL regularization strength and 
per-dimension information allocation. The study focused on 
understanding how reconstruction scaling, KL weighting, and 
loss formulation influence posterior collapse and effective 
latent capacity in practical trajectory modeling settings.

By formulating the KL divergence as an average over latent 
dimensions and selecting weighting coefficient based on an
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explicit reconstruction reference and target per-dimension KL
level, we established an interpretable regularization scale. The
resulting experiments revealed a consistent pattern: as the
weighting coefficient increases, KL divergence becomes in-
creasingly concentrated in a small subset of latent coordinates,
leading to partial or severe posterior collapse. To address this
issue, we introduced a masked KL objective that suppresses
near-collapsed dimensions and concentrates regularization on
informative coordinates.

We validated our method on real-world aircraft trajectory
data. Empirical results demonstrated that our intervention
substantially increases the number of active latent dimensions
and yields a more uniform allocation of information, without
modifying the network architecture. Importantly, this im-
proved latent utilization is achieved under fixed latent dimen-
sionality and comparable reconstruction scales. Qualitative
trajectory generation results further confirm that meaningful
and smooth trajectories can be synthesized under controlled
regularization, supporting the practical viability of the pro-
posed operating regime.

Overall, the findings highlight that posterior collapse in
trajectory VAEs is not merely a binary phenomenon but a
gradual redistribution of information across latent dimensions.
Explicit monitoring and control of per-dimension KL be-
havior are therefore essential for achieving interpretable and
efficient latent representations in trajectory-based generative
models.

We also add that the proposed framework is not inherently
tied to the specified airport and runway. Retraining the model
on data from different airports, runway layouts, or meteo-
rological conditions is straightforward within the proposed
framework, as the regularization design is independent of
the specific operational domain. The insights derived here
regarding the relationship between KL weighting, posterior
collapse, and latent utilization are expected to transfer across
settings, providing a principled starting point for adapting the
model to new environments. This makes the approach a viable
foundation for broader deployment across diverse airports and
traffic conditions.

Future work will extend this analysis to adaptive weighting
coefficient schedules, alternative prior structures, and larger-
scale operational datasets, as well as investigate the impli-
cations of latent utilization for downstream decision-support
tasks in Trajectory-Based Operations environments.
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