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Abstract. The growing availability of trajectory datasets has fueled
major advances in data-driven motion prediction. Yet, models trained on
one dataset often fail to generalize beyond their training domain as a result
of differences in scene layouts, agent behaviors, and sensing conditions. A
framework that learns latent representations of datasets and quantifies
their similarity using distributional metrics is presented. This large-scale
study covers 24 major datasets, including the most widely used motion-
prediction benchmarks, and shows that the resulting transferability scores
strongly correlate with cross-dataset model performance. The results
provide practical guidance for dataset selection, pretraining, and large-
scale foundation models for motion prediction, paving the way toward
more generalizable and robust predictive systems.

1 Introduction

Trajectory prediction plays an important role in applications such as autonomous
driving, robotics, and human behavior analysis [23,45,87]. It involves forecasting
the future states of agents based on past observations and interactions with
their surroundings. The topic has gained significant attention in recent years,
driven by advances in deep-learning methods, increased availability of trajectory
datasets [6,8,9,11-13,22,42,52,53,55,56,65,71,76,85,86,96,98,103,105], and
open-source tools [25,48,58,93]. However, this progress has also highlighted an
important challenge: trajectory datasets differ significantly in terms of agent
types, environmental complexity, and sensing modalities. This diversity offers
valuable opportunities for comprehensive model development, but it also poses
difficulties for transferring models across different domains. A key open question
is how well a model trained on one dataset generalizes to another—and whether
such transferability can be predicted.

Advances in large foundation models demonstrate that training on diverse
datasets can yield highly transferable representations [10,29,87,107]. Theoretically,
this could be applied to trajectory prediction by pooling all available data.
However, several factors limit the practicality of this approach. First, real-time
systems such as autonomous vehicles operate under strict computational and
latency constraints, making it impractical to deploy models at the scale and
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with the inference costs of current foundation models. Furthermore, while model
compression and distillation techniques alleviate these issues [24,36,40,41], recent
work shows that more data are not always better; low-quality or irrelevant data can
degrade performance [54,77,83,108]. These observations motivate prioritizing the
most relevant datasets for pretraining, rather than indiscriminately aggregating
all available data.

A natural first step toward addressing this challenge is to compare datasets
based on their surface-level features [4, 48, 78]. These analyses can highlight
differences in statistical properties, including agent densities, speed profiles, and
map structures. However, they do not inherently capture emergent behavioral
characteristics, such as interaction patterns, social norms, or task intent, which
are defining features of multi-agent motion-prediction problems [82].

In this work, transferability is studied through a learned latent space that
captures behavioral characteristics across datasets, as illustrated in Fig. 1. This
space is obtained by jointly training a single embedding model on all datasets
under investigation to project scenarios into a representation where distances
reflect structural and behavioral patterns in addition to surface-level feature
similarities. This learned representation provides a more meaningful basis for
assessing dataset transferability by leveraging the capacity of deep models to cap-
ture complex interactions. Once trained, the embedding model enables querying
at the dataset level, supporting data-driven recommendations of suitable source
datasets for pretraining or adaptation. In practice, transferability is estimated
using the Kullback—Leibler (KL) divergence between Gaussian approximations of
the latent dataset distributions. It is demonstrated that smaller latent distribution
divergences correspond to improved transfer performance.

1.1 Contributions

The primary contributions of this paper are:

— Dataset-level representation learning for trajectory prediction. A
latent embedding framework is introduced, modeling trajectory datasets as
distributions in a shared latent space to enable comparison through their
distributional geometry.

— A directional probabilistic measure of transferability. A divergence-
based transferability metric is proposed to capture asymmetric transfer
success, demonstrating that latent distances predict both zero-shot and
fine-tuned performance.

— A systematic large-scale study of cross-dataset transfer. A compre-
hensive evaluation across 24 trajectory datasets and 552 transfer pairs is
conducted, revealing underutilized datasets that improve performance on
popular motion-prediction benchmarks.

Implementations are available at https://github.com/westny/transferatlas.
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Fig. 1: t-SNE projection of learned scenario embeddings (contours indicate density).
Dataset proximity (e.g., ETH/inD, INTERACTION/WOMD) indicates potential for
cross-dataset pretraining or knowledge transfer.

2 Related work

2.1 Trajectory prediction

Trajectory prediction remains an active area of research as a result of its central
role in domains such as autonomous driving and robotics [23,45,87]. Advances in
deep learning and increased data availability have made learning-based methods
the dominant approach. A wide range of architectures have been explored,
including recurrent networks [2, 18,70, 94], convolutional encoders [17,18,106],
Transformer-based models [34,46,62,67], and graph neural networks (GNNs) [20,
32,57,59,80,89,95].

A substantial portion of the literature focuses on modeling interactivity, i.e.,
how agents influence one another and how they are affected by their surrounding
environment. This includes pooling-based methods [2,18,39,70,106], as well as
approaches that explicitly model interactions using GNNs or Transformer-based
architectures [20,32,57,67,80,95,102]. Environmental context is processed using
specialized modules and usually incorporated through either rasterized scene
encodings [17,57,68,69,74,80,106,109] or as vectorized maps [19, 30, 32,60, 109].

Further, probabilistic modeling is widely used to capture the inherent uncer-
tainty of future behavior. These models can be broadly categorized as discrimina-
tive, which directly predict multi-modal trajectory distributions [18,43,61,69,70,
95,109], or generative, which aim to learn the underlying distribution from which
future trajectories can be sampled [3,5,15,38,39,50,57,67,79,80,92,97,102, 106].

2.2 Domain adaptation and generalization

Improving model robustness across environments often involves either domain
adaptation or domain generalization. Domain adaptation aims to reduce the
discrepancy between the source and target data distributions, while domain gen-
eralization seeks models that perform well on unseen domains without additional
tuning. In the field of trajectory prediction, several works explore these themes.

Recent approaches propose architectural adaptations such as ensemble-based
methods [91], or specialized modules [88,104] to improve generalization. Other
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strategies tackle this problem by learning shared representations across datasets [5,
73,81], or by designing dataset-agnostic input abstractions that reduce reliance
on domain-specific cues [25,33,44, 48,49, 100, 108].

On the domain adaptation side, recent work proposes techniques such as
attention-based adaptation [99], feature alignment [31], and instance-level aug-
mentations [51]. Other approaches adapt pre-trained models to new domains [84]
or introduce meta-learning strategies for online or few-shot adaptation [47].

While domain adaptation and generalization are central themes in this work,
the focus is not on developing new methods to improve these properties, but
rather on understanding whether they can be predicted. Furthermore, evaluations
are typically restricted to a limited set of source—target pairs. This leaves a clear
gap for research that investigates transferability across a broader, more diverse
spectrum of datasets.

2.3 Dataset similarity and transferability metrics

Quantifying dataset similarity is important for anticipating transfer learning
success [1,16,21,90,101]. A closely related approach to ours is presented in [16],
where methods to estimate transferability between time-series datasets are pro-
posed. A shared autoencoder embeds source and target data into a common latent
space, from which metrics such as the L1 distance between dataset centroids are
derived and shown to correlate with transfer learning gains. In contrast, this work
focuses on trajectory prediction, where spatio-temporal structure, interaction
dynamics, and map-based context require specialized modeling [23,45,87]. In
addition, probabilistic and non-symmetric measures, such as KL divergence, are
considered to capture the inherently directional nature of transferability.

Related work on latent representations of trajectory datasets includes Scenar-
ioNet [58], which utilizes TrafficGen [26] to obtain scenario embeddings that are
then projected onto a lower-dimensional manifold. These projections highlight
differences between synthetic and real data as well as residual variation across
datasets. While primarily used for visualization, such an approach also highlights
the potential of using latent space analyses to identify distributional gaps.

3 Problem definition

The problem of learning the approximate distributions of multiple trajectory
datasets and using these distributions to quantify pairwise transferability is
considered. Each dataset consists of interactive scenes, where a scene is defined
as a set of agents (e.g., vehicles, pedestrians) and their associated features (e.g.,
position, velocity) that evolves over time. The temporal span of a scene is divided
into a historical segment and a future segment. Each time instant in the scene is
modeled as an undirected graph G = (V, £), where V is the set of agents (nodes)
and & is the set of edges representing the interactions between said agents. Let
N =|V| be the number of agents, H the length of the historical segment, and F
the length of the future segment. The node input features are summarized in a
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Fig. 2: Latent embedding model architecture. An encoder maps input features to node-
level latent variables, which are aggregated into scene- and dataset-level embeddings. Two
decoder heads handle feature reconstruction (predicting X) and future state forecasting
(predicting Y). Training optimizes a combined reconstruction and forecasting loss.

tensor X € RVXHXD “and the output features in Y € RV*F*P where D = 5,
corresponding to 2D position, 2D velocity, and orientation. When available, the
map M is also incorporated, encoded as a lane graph with associated features,
shared across all time instants of the scene. For brevity, the notation is overloaded,
letting X implicitly denote the pair (X, M) whenever map information is available.

Next, latent variables z; are introduced for each node i, summarized in a
matrix Z € RV*E_ Finally, for a scene S, the latent scene embedding Zs € R
is defined, and for a dataset D, the corresponding latent dataset embedding
Zp € RE, where L denotes the latent dimension. Unless otherwise stated, L = 32
in this work. The objective is two-fold:

1. Learn the latent dataset-level representations {Zp }szl for datasets
D1,Ds,..., Dk and use them to quantify pairwise transferability based on
distributional (dis)similarity.

2. Empirically validate the inferred transferability by training a trajectory
prediction model X — Y on dataset D; and evaluating it on a different
dataset D;, for multiple pairs (D;, D;).

4 Latent embedding model

To construct compact and comparable representations of the datasets under
consideration, a deep latent embedding model is employed, designed to learn
expressive codes of the individual samples (scenes) comprising each dataset.

To learn representations that capture all aspects of the data under a setting
relevant to trajectory prediction, the model is trained using two complementary
supervision signals: reconstruction of observed inputs and prediction of future
states. The predictive objective reflects the trajectory forecasting setting, where
past motion is observed and future motion is unknown, while reconstruction
promotes information preservation. Latent regularization is used to encourage
informative and stable representations |7, p. 564]. In particular, a normalization
constraint is applied on the latent variables, ||z]|3 = 1 that restricts them to the
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surface of a unit sphere, encouraging comparability across samples and datasets
while preventing degenerate solutions.

4.1 Model architecture

The latent embedding model follows an encoder—decoder architecture, illustrated
in Fig. 2. The encoder maps input features to node-level latent variables, used
to compute scene- and dataset-level embeddings. Two decoder heads are em-
ployed: one reconstructs input features, and the other predicts future states.
The main building blocks of both networks are graph-gated recurrent units
(Graph-GRUs) [95].

Graph-gated recurrent unit The Graph-GRU enables spatio-temporal inter-
actions to be captured by replacing the linear mappings in the gated recurrent
unit (GRU) [14] with GNN components. The original Graph-GRU design is
simplified by using a minimal mechanism based on the minGRU [27], reducing
model complexity with minor performance trade-offs.

At each time step k, a message-passing operation incorporates information
from node 4 and its neighborhood N(7), producing intermediate vectors:

o 0] = nN (ol o) v

where GNN(-) is the graph neural network operator from [72]. These are then
used to update the hidden state h,(;) using the following gating mechanism:

z](:) = a(v,(f) +b.), (2a)
h{" = tanh(w” + by,), (2b)
b =(1-z")or? += ok, (2¢)

where b, and by, are learnable bias terms, ® denotes the Hadamard product, and
o is the sigmoid function.

4.2 Training objective

The model is trained to minimize a combined objective of reconstruction and
prediction losses. Node-level latent variables z; are inferred from input features
X, using an encoder module Enc. To ensure the representation captures structural
data properties and relevant forecasting features, the total loss L is defined as

L = ||Rec(Z) — X||* + || Pred(Z) — Y||? (3)

where Rec and Pred denote the reconstruction and prediction heads, respectively.
Note that the decoder heads are solely used during training to shape the latent
space and are discarded during inference.
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4.3 Aggregating node- and scene-level representations

Let zs; € RL denote the representation of agent i in scene s, where scene s
contains n, agents. The scene-level mean and covariance are computed as

1 & 1 & T
pe=— 2o, Y= Y (Zei—ps) (2o —ps) - (4)

ng — 1
s i=1

The aggregated dataset-level mean and covariance for a dataset D consisting
of S scenes are defined as

1
fp =

9]

S 1 S 1 S

_ _ \T
§ Hs, Xp= g § (ks — pip) (ps — o)~ + S E DN )
s=1 s=1 s=1

Between-scene cov. Within-scene cov.

The first covariance term captures variation between scene-level means, whereas
the second captures the average variation among agents within each scene.
Together, these terms provide a characterization of the dataset’s latent structure
and enable direct comparisons between datasets using probabilistic measures.

However, the empirical covariance may be ill-conditioned or singular, particu-
larly in high-dimensional latent spaces with limited data. To improve numerical
stability, a low-rank approximation with additive jitter regularization is used. Let
XYp = UAUT denote the eigendecomposition of the covariance matrix, where
the columns of U are the eigenvectors and A is a diagonal matrix containing
the corresponding eigenvalues in descending order. The regularized covariance is
defined as

~ tr( X
Yp =U,diag(A1,...,\) U} +el, £e=a r(LD), (6)

where U,. contains the eigenvectors associated with the r largest eigenvalues. The
jitter parameter ¢ is scaled according to the average marginal variance, where «
is a hyperparameter set to 3 x 1073 and r is set to 16, both values chosen based
on empirical results (see the supplementary material for more details).

5 FEvaluation and results

This section evaluates the proposed framework. The datasets are introduced
in Sec. 5.1, followed by implementation details in Sec. 5.2. The embedding
model is assessed in Sec. 5.3 through complementary quantitative and qualitative
latent space analyses. Section 5.4 investigates how well latent distances predict
cross-dataset generalization under zero-shot and fine-tuning settings. Finally,
an ablation on the latent dimension L analyzes its influence on transferability
prediction accuracy.
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5.1 Datasets

The investigations are conducted on a diverse set of trajectory-prediction datasets
spanning pedestrian, vehicle, and mixed-traffic domains, covering both map-based
and map-free settings, and collected using static cameras, drones, or instrumented
vehicles. An overview is provided in Tab. 1, where datasets are grouped by
collection method and listed chronologically by release year.

All datasets are converted to a unified format using the Dronalize toolbox [93],
including resampling to 10 Hz and adopting a common feature representation.
Official train/validation/test splits are used when available; otherwise, the split-
ting protocol in Dronalize is applied. For cross-dataset evaluation, all models
are evaluated using a common 3 s prediction horizon, determined by the short-
est fixed horizon among datasets with official test splits (e.g., View-of-Delft).
During training, however, models predict up to a maximum horizon of 8 s, with
supervision provided where future trajectories are available.

Following common practice [2,39], the ETH and UCY datasets are organized
into the five standard evaluation subsets: eth, hotel, univ, zaral, and zara2. Each
subset is treated as a separate dataset throughout the experiments. Accordingly,
the evaluation comprises 24 datasets in total.

Table 1: Overview of the 24 trajectory-prediction datasets used in the experiments.
Locations are condensed to country. Map info indicates whether HD maps (v), no
maps (X), or partial map data are provided. The datasets balance prevalence in the
literature with complementary characteristics, including geographic coverage and agent
composition.

Name Year Location Agents Sensor Map Info Size

1-80 [85] 2006 USA Vehicles Camera  Lane lines 23480
US-101 [86] 2007 USA Vehicles Camera  Lane lines 18683
univ [55] 2007 Cyprus Pedestrians  Camera X 4196
zaral [55] 2007  Cyprus Pedestrians  Camera X 4096
zara2 [55] 2007  Cyprus Pedestrians Camera X 4103
eth [76] 2009  Switzerland Pedestrians Camera X 4013
hotel [76] 2009  Switzerland Pedestrians Camera X 4040
ApolloScape [65] 2019  China Mixed Vehicle X 49361
Argoverse [13] 2019 USA Mixed Vehicle v 323557
nuScenes [12] 2020 USA, Singapore Mixed Vehicle v 195103
Lyft Level 5 [42] 2021 USA Mixed Vehicle v 292329
WOMD [22] 2021 USA Mixed Vehicle v 576012
Argoverse 2 [96] 2023 USA Mixed Vehicle v 249 880
View-of-Delft [9] 2024  Netherlands Mixed Vehicle v 10486
highD [52] 2018  Germany Vehicles Drone Lane lines 129786

. USA, China, .
INTERACTION [103] 2019 G Buleari Mixed Drone v 62022
ermany, Bulgaria

inD [8] 2020 Germany Mixed Drone v 155 609
rounD [53] 2020 Germany Mixed Drone v 111973
openDD [11] 2020 Germany Mixed Drone v 370073
exiD [71] 2022  Germany Vehicles Drone v 311309
SIND [98] 2022  China Mixed Drone v 260484
AD4CHE [105] 2023  China Vehicles Drone Images 41333
uniD [56] 2024  Germany Mixed Drone v 189023

A43 [6] 2024  Germany Vehicles Drone Lane lines 44 565
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5.2 Implementation details

The embedding model was implemented in PyTorch [75] and PyTorch Geo-
metric [28]. It was trained on a single NVIDIA A100 GPU using the AdamW
optimizer [64] with a batch size of 512. To mitigate the imbalance in dataset
sizes when jointly training on all datasets, mini-batches were constructed using
weighted sampling, with each sample j € D; assigned the weight

1
w; X |D7,|a’ (7)
where D; denotes the i-th dataset. Here, « = 0 corresponds to sampling propor-
tional to dataset size and o = 1 to uniform sampling across datasets. A value
of a = 0.5 is used, reducing the dominance of larger datasets while preserving
a moderate bias toward them. Training was conducted for 100 epochs, with an
initial learning rate of 103, which was decayed to 10~ using a cosine annealing
schedule [63]. Teacher forcing was used for both heads during the first 25 epochs,
with the probability annealed linearly from 1 to 0. The final models used in
all the experiments were selected based on minimum ADE performance on the
validation set.

5.3 Embedding evaluation

In the latent space, each dataset is modeled as a multivariate Gaussian distribution
defined by its dataset-level mean and covariance. Let Z = {1,..., K} index the
datasets Di,...,Dg. For 4,j € Z, the directed dissimilarity of D; from Dj is
defined as the KL divergence between their corresponding Gaussian distributions:

Dxw(D:|D;) = D (N(ﬁpi,ipi) H N(ﬁpj, ED].)) . ijeI, (8)

where Dk, (D;||D;) measures how well the distribution of dataset D; approxi-
mates that of dataset D;. Since the KL divergence is asymmetric, the resulting
dissimilarity captures directional differences in dataset coverage and variability.

Figure 3 presents a heatmap of the KL divergence between embedding distri-
butions for each dataset pair, where lower values indicate greater latent similarity.
Several interesting patterns emerge. For example, nuScenes appears easier to
approximate using other instrumented-vehicle datasets such as Lyft L5, WOMD,
Argoverse, and Argoverse 2 than vice versa. For instance,

Dy (nuScenes|WOMD) = 358, Dkr,(WOMDI||nuScenes) = 36602, (9)

indicating that these datasets contain information that transfers to nuScenes
more effectively than nuScenes transfers to them. This asymmetry aligns with
the empirical findings in both [25] and [33], where models pretrained on WOMD,
Argoverse, or Argoverse 2 and evaluated on nuScenes achieve notably stronger
performance than the reverse. The t-SNE [66] projection of scene latents in Fig. 4a
supports this: nuScenes occupies a distinct subregion within the other datasets’
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Fig. 3: KL divergence Dk, (row||col) between dataset embedding distributions. Entries
indicate how well column datasets approximate row datasets. Lower values denote closer
alignment, typically correlating with stronger zero-shot transfer from column training
datasets to row evaluation datasets. Matrix asymmetry reflects directional differences
in dataset coverage and variability.

broader clusters. This indicates that the asymmetric relationship observed in the
high-dimensional latent space is also reflected in a low-dimensional projection.

Highway datasets are more similar to each other than to urban datasets,
though asymmetrically. The t-SNE projection in Fig. 4b clearly shows overlap
among highD, exiD, and A43, all collected in Germany, likely reflecting regional
driving patterns. Furthermore, AD4CHE, 1-80, and US-101 cluster together,
suggesting the latent space encodes shared behavioral or traffic-flow characteristics
beyond geographic proximity.

Another important observation is the large divergence between the pedestrian-
focused datasets and the rest. The results indicate that the pedestrian datasets
are substantially different from the others, suggesting low potential for direct
transferability. Partial exceptions are uniD and View-of-Delft, which are heavily
pedestrian-oriented and appear to be closer in the embedding space.

Most interestingly, the embedding space also uncovers relationships between
datasets that do not share presumed commonalities, such as acquisition method
or agent type. For instance, several drone-acquired datasets, including inD,
openDD, SIND, INTERACTION, exhibit low KL divergence with instrumented-
vehicle datasets such as nuScenes, Argoverse 2, and WOMD. This suggests that
cross-domain transfer is possible even between heterogeneous datasets. This is
significant, as trajectory-prediction research often suffers from scarce, domain-
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Fig. 4: Two-dimensional t-SNE visualization of the learned scenario embeddings for (a)
a subset of the urban datasets (acquired with instrumented vehicles) and (b) highway
datasets, with contour lines indicating density.

specific data [87], indicating untapped potential in leveraging datasets that are
comparatively underused in the motion prediction literature.

5.4 Transferability evaluation

To evaluate the interpretation of closeness in the latent space as a measure
of transferability, a series of experiments is conducted in which a trajectory-
prediction model is trained on one dataset and evaluated on another. Motivated
by its state-of-the-art performance and its architectural dissimilarity to the
proposed embedding model, QCNet [109] is adopted as the baseline predictor,
following the original training objectives and inference procedure. To ensure com-
parability across datasets, a lightweight input transformation layer is introduced,
and model capacity is reduced to maintain computational feasibility across all
datasets (see the supplementary material for more details). Model performance
is reported using the minimum average positional displacement error for the best
of K = 6 predicted trajectories (minADEg) over a 3-second horizon.

Zero-shot transferability To evaluate cross-dataset generalization, a model is
trained on one dataset and is evaluated, without any adaptation, on all remaining
datasets. With 24 datasets, this yields 24 x 23 = 552 transfer pairs.

Using the divergence introduced in (8), it is investigated how well this measure
predicts zero-shot transfer performance. To this end, minADEg is examined
against Dkr,(D.||D¢), where D, and D; denote evaluation and training datasets,
respectively. As shown in Fig. 5, pairs with larger divergence exhibit consistently
higher minADEg, indicating poorer transfer.

A Spearman’s rank correlation analysis confirms a strong positive association:
increasing divergence aligns with reduced zero-shot performance. Overall, the
KL divergence achieves a rank correlation of p = 0.811, with a 95% confidence
interval of (0.782, 0.840).

Transferability under fine-tuning Beyond zero-shot performance, it is im-
portant to understand how datasets support transfer when used for fine-tuning
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Fig. 5: KL divergence versus zero-shot minADEg transfer performance across all 552
dataset pairs. Larger divergence correlates with worse transferability.
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Fig. 6: Argoverse fine-tuning from differ- Fig. 7: KL divergence versus performance

ent sources. Sources with lower divergence  degradation after fine-tuning. Higher di-

scores yield better adaptation. vergence generally corresponds to greater
forgetting of the source dataset.

toward a target domain, as this has direct practical utility. This is studied from
two complementary perspectives: whether the latent divergence can guide pre-
training source selection, and whether it predicts how much source knowledge is
lost during adaptation.

Pretraining source selection. As a practical case study, Argoverse is used as
the target dataset. Models pretrained on a set of candidate source datasets are
subsequently fine-tuned on Argoverse, and target performance is recorded after
adaptation. As shown in Fig. 6, sources with lower KL divergence to Argoverse
generally yield stronger post-fine-tuning performance on the target domain,
indicating that the latent metric can serve as a practical guide for pretraining
source selection, even before any task-specific training is conducted.

Catastrophic forgetting. A complementary concern when fine-tuning is catas-
trophic forgetting [35]: the tendency for adaptation to a new domain to overwrite
previously acquired source knowledge. To examine this, models pretrained on
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Table 2: Spearman’s rank correlation coefficient p for different dataset dissimilarity
measures and latent dimensions. Bold denotes the best measure for each task—dimension
combination, where higher is better. For KL divergence, 95% confidence intervals are
shown below the corresponding estimates.

Zero-shot transfer Post-fine-tuning degradation
Measure L=16 L=32 L=64 L=128 L=16 L=32 L=64 L=128
L1 0.475 0.468 0.470 0.425 0.136 0.254 0.226 0.145
Wasserstein 0.489 0.482 0.482 0.448 0.269 0.296 0.335 0.257
MMD 0.410 0.412 0.410 0.362 0.136 0.245 0.193 0.185
0.781 0.811 0.746 0.736 0.504 0.729 0.794 0.874
KL (.750, .810) (.782,.840) (.711,.783) (.681,.760) (.045,.792) (.403,.913) (.578,.922) (.639,.970)

a source dataset D; are fine-tuned on a target dataset D;, and performance
is subsequently evaluated on D;. Let mOD;'g and mﬁj denote the original and

fine-tuned models, respectively. The performance change is defined as:

AM(D;, D;) = M(mg?, D;) — M(mBi, D), (10)
where M(-,-) denotes minADE¢ evaluated on a specific dataset. Lower AM
indicates less forgetting, and it is expected to correlate with Dkr,(D;||D;).

Experiments across five datasets, AD4CHE, nuScenes, rounD, View-of-Delft,
and WOMD, produce 20 transfer pairs. Figure 7 indicates a positive trend:
larger divergence between datasets generally coincides with stronger forgetting.
Spearman’s rank correlation is p = 0.729, with a 95% confidence interval of
(0.403, 0.913), confirming a strong positive association. Taken together, the two
results show that the latent divergence is predictive of fine-tuning behavior from
both directions: it anticipates adaptation quality before training, and captures
the degree of source knowledge loss afterward.

Motivation for the Gaussian assumption To assess the Gaussian modeling
assumption, Tab. 2 compares the predictive performance of the KL divergence
with alternative similarity measures, including the non-parametric maximum
mean discrepancy (MMD) [37] computed directly on scene-level embeddings.
The KL divergence consistently achieves the highest rank correlation across
all evaluated latent dimensionalities in both zero-shot and fine-tuning tasks,
empirically justifying the Gaussian approximation.

Ablation on latent dimension size Finally, an ablation study examines
how the latent dimensionality L influences the predictive quality of the learned
embeddings. Models with L € {16,32,64, 128} are evaluated on both zero-shot
transfer and post-fine-tuning degradation tasks. As shown in Tab. 2, the two
tasks exhibit opposing trends. For zero-shot transfer, the correlation decreases
from p = 0.811 at L = 32 to p = 0.736 at L = 128, indicating that the more
compact representation better preserves the ordering of cross-dataset transfer
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Table 3: Definitions of dataset characteristics and derived correction terms ’yf? for
transfer from source D; to target D;. Scalar corrections are computed as the ratio of
source to target values, whereas the agent class distribution p € R? use L; distance.

(f)

Term Description Symbol Calculation of Vi,
Size Total number of samples in the dataset N N; / Nj
Speed Mean agent speed across samples and time steps v U; [ U
#agents Mean number of agents present in each sample n i [ g
Types Mean empirical distribution over agent classes P [[Bi — Byl
Time Mean duration of the observed input sequence t ti/t;

performance. In contrast, the correlation for post-fine-tuning degradation increases
from p = 0.729 to p = 0.874, suggesting that larger latent spaces may better
capture differences associated with adaptation and forgetting. However, the
wide and overlapping confidence intervals, together with the smaller number of
fine-tuning pairs, warrant a more cautious interpretation of this trend.

5.5 Investigation into latent space quality

To evaluate whether latent dataset embeddings capture complex discrepancies
beyond basic statistical heuristics, transfer performance 7T; ; from source dataset
D; to target D; is modeled using the KL divergence and a set of candidate explicit

heuristic metrics 71-(?

Ti; ~ aDxi(Dy| D) + > ber() + (11)
LeS

Here, S encompasses five dataset differences, with definitions and correction
ratios detailed in Tab. 3. To isolate the most informative predictors, this model is
optimized using Lasso regularization, applying an Ly penalty to the coefficients a
and by. Formally, the parameters 6 = {a, {bs}scs, ¢} are estimated by minimizing

min Z( i — aDke(D;|Di) — 3 by ") fc) +>\(|a|+2\bg|) (12)
%,

Les Les

This formulation enforces sparsity. Coeflicients driven to zero correspond to
predictors that do not contribute substantially to explaining transfer performance.

The regression results in Fig. 8 demonstrate the representational capacity
of the learned latent space. In Fig. 8b, the KL divergence coefficient remains
nonzero for much higher values of the regularization strength A compared to
the other coefficients, indicating that the learned representation captures these
underlying patterns.

The exception is average agent speed, as its coefficient remains nonzero under
stronger regularization. Nevertheless, using the speed factor by itself achieves a
lower rank correlation, p = 0.624, with a 95% confidence interval of (0.561, 0.669),
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Fig. 8: (a) Evolution of coefficient of determination R?, Spearman’s p, and the number
of selected correction terms N, against the regularization parameter \. (b) Coefficient
paths for all terms in (11).

compared with p = 0.811 for the KL divergence, with a 95% confidence interval
of (0.782, 0.840). This further indicates that the latent representation captures
discrepancies that are not adequately described by the considered statistical
heuristics.

6 Conclusion

A latent embedding framework that systematically characterizes trajectory
datasets and quantifies their transferability was introduced. The framework
reveals structured relationships between datasets and offers guidance on select-
ing effective pretraining sources. Empirical results across 24 diverse datasets
show that distances in the latent space strongly correlate with both zero-shot
generalization and fine-tuning outcomes, demonstrating that transferability can
be predicted rather than discovered through exhaustive experimentation. The
analysis further identifies datasets that are less commonly used in prior work but
still hold potential to improve performance on widely used motion-prediction
benchmarks. These findings offer practical guidance for dataset selection and
model development, contributing toward more robust and generalizable motion
prediction systems.
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