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Abstract

This paper presents a comprehensive research framework for cross-domain intent-aware
trajectory prediction using a flexible multi-generator spatiotemporal graph learning paradigm.
The proposed architecture addresses fundamental limitations in existing trajectory forecasting
systems, particularly their inability to generalize across diverse domains such as autonomous
driving, pedestrian motion, drone navigation, and maritime route planning. By integrating
multiple generative modules that each specialize in distinct motion regimes, the model
achieves superior adaptability while maintaining computational tractability. Spatiotemporal
graph structures encode relational dynamics among interacting agents, and an intent inference
layer captures latent behavioral objectives through a probabilistic reasoning process. The
paper emphasizes system-level considerations including infrastructure deployment, scalability
under real-time constraints, robustness to noisy sensor inputs, and fairness across
heterogeneous populations of agents. Governance and policy implications are discussed in the
context of safety certification, liability assignment, and ethical deployment in public spaces.
The flexible multi-generator architecture is analyzed with respect to its trade-offs between
model capacity, inference latency, and data governance requirements. Sustainability aspects,
such as energy consumption during training and inference, are also examined. Through
illustrative case studies drawn from autonomous mobility and crowd management, the paper
demonstrates how cross-domain intent-aware prediction can become a foundational
component of future intelligent transportation and surveillance systems. The findings
underscore the necessity of designing trajectory prediction systems that are not only accurate
but also transparent, fair, and operationally robust across diverse socio-technical
environments. This work contributes a holistic perspective that bridges algorithm design with
real-world deployment constraints, offering actionable insights for researchers, engineers, and
policymakers.
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1. Introduction

The accurate prediction of future trajectories for moving agents is a central problem in a wide
range of application domains, from autonomous driving and pedestrian tracking to drone
swarm coordination and maritime navigation. Traditional approaches have relied on physics-
based models or simple recurrent neural networks that operate on individual agent histories,
often ignoring the complex interdependencies among agents and the influence of latent
intentions [1]. Recent advances in graph neural networks have enabled the modeling of
pairwise and higher-order interactions through spatiotemporal graph structures, leading to
significant improvements in prediction accuracy [2]. However, most existing models are
designed for a single domain and fail to generalize when confronted with motion patterns that
differ substantially from the training distribution. For example, a pedestrian trajectory model
trained on urban street data may perform poorly in a crowded stadium scenario where
collective crowd dynamics dominate [3]. This lack of cross-domain transferability limits the
practical utility of trajectory prediction systems in heterogeneous environments.

Furthermore, many state-of-the-art methods neglect the explicit modeling of intent, treating
prediction as a purely observational problem rather than as an inference of underlying goals.
Intent-aware prediction has been shown to improve long-horizon accuracy by capturing high-
level behavioral objectives, such as turning at an intersection or merging into traffic [4]. Yet
incorporating intent inference into a graph-based framework presents architectural challenges,
especially when the system must flexibly adapt to different types of agents and environments.
A promising direction is the use of multiple generative modules, each specialized for a
particular motion regime, combined with a fusion mechanism that learns to select or blend
predictions based on contextual cues [5]. This multi-generator paradigm offers a natural path
toward cross-domain generalization while maintaining high fidelity in domain-specific
scenarios.

This paper introduces a flexible multi-generator spatiotemporal graph learning framework for
cross-domain intent-aware trajectory prediction. The core innovation lies in the integration of
several complementary generative components that can be reconfigured for different
operational domains without retraining the entire network. A spatiotemporal graph backbone
encodes agent interactions and spatial regularities, while an intent inference module produces
probabilistic distributions over possible goals. The outputs from multiple generators are then
combined through an attention-based aggregation mechanism that respects the uncertainty
inherent in trajectory forecasting. The framework is evaluated with respect to system-level
properties such as computational efficiency, scalability to large numbers of agents, robustness
to missing or noisy data, and fairness across different demographic groups. We also examine
the governance and policy implications of deploying such systems in public infrastructure,
including issues of liability, transparency, and accountability.

The remainder of the paper is organized as follows. Section 2 reviews related work on
trajectory prediction, spatiotemporal graph networks, and multi-generator models. Section 3
details the proposed architecture and its components. Section 4 discusses cross-domain intent-
aware mechanisms and their training and inference procedures. Section 5 addresses system-
level considerations including infrastructure, scalability, and robustness. Section 6 explores
governance, fairness, and policy implications. Section 7 considers deployment and
sustainability challenges. Section 8 concludes the paper.

2. Related Work and Background



Trajectory prediction has evolved significantly from early physics-based models such as
constant velocity and Kalman filters to data-driven deep learning approaches. Recurrent
neural networks and long short-term memory models were among the first to capture
sequential dependencies in motion data [1]. However, these models treat each agent
independently and do not account for interactions. The introduction of social pooling layers [2]
marked a step toward handling interactions by aggregating hidden states of nearby agents, but
these methods rely on handcrafted spatial grids. Graph neural networks, particularly
spatiotemporal graph convolutional networks, have emerged as a more flexible and expressive
framework for modeling relational data [6]. They represent agents as nodes and their
interactions as edges, with graph convolutions operating across both spatial and temporal
dimensions. This paradigm has achieved state-of-the-art results in benchmarks such as the
Stanford Drone Dataset and the ETH/UCY pedestrian datasets [7].

Intent-aware prediction extends conventional forecasting by incorporating latent variables that
represent goals or destinations. Early works used inverse reinforcement learning to infer
reward functions that explain observed behavior [8]. More recently, conditional variational
autoencoders have been employed to learn multimodal distributions over future trajectories,
where each mode corresponds to a plausible intent [4]. These approaches improve long-term
accuracy but often require ground truth annotations of intentions, which are expensive to
obtain. Self-supervised or weakly-supervised intent discovery methods have been proposed to
overcome this limitation [9]. However, integrating intent inference with interaction modeling
via graphs remains an open challenge, especially when the model must operate across
domains with different agent types and motion semantics.

Multi-generator models have been explored in the context of ensemble learning and mixture
density networks, where several base predictors contribute to a final prediction distribution
[5]. In trajectory forecasting, a mixture of experts framework can allocate different experts to
different motion patterns, such as straight-line movement, sharp turns, or random wandering.
The key difficulty lies in designing a gating mechanism that learns to associate each generator
with the correct context in a data-driven manner. Recent advances in dynamic routing and
attention mechanisms have made this more feasible [10]. The flexible multi-generator
spatiotemporal graph model proposed by [15] explicitly fuses multiple generators with a
spatiotemporal graph encoder, demonstrating improved performance on a benchmark dataset.
That work forms a foundational reference for the present paper, which extends the idea to
cross-domain and intent-aware settings.

3. Proposed Architecture: Flexible Multi-Generator Spatiotemporal Graph Learning

The proposed architecture consists of three main components: a spatiotemporal graph encoder,
an intent inference module, and a flexible multi-generator prediction layer. The
spatiotemporal graph encoder takes as input the observed trajectories of all agents over a
historical time window. It constructs a graph where each node corresponds to an agent and
edges are defined based on spatial proximity and temporal adjacency. The node features
include position, velocity, and optionally semantic attributes such as agent type. Graph
convolutions are performed across time steps using a temporal attention mechanism that
captures long-range dependencies [11]. The output of the encoder is a set of latent
representations that encode both individual motion dynamics and relational context.

The intent inference module operates on the latent representations to produce a probabilistic
distribution over possible intents for each agent. Intents are not predefined by category;
instead, they are represented as continuous vectors in a low-dimensional latent space that can



be interpreted as goal positions or behavioral modes. This module uses a variational inference
framework where the posterior over intents is conditioned on the observed trajectory and the
encoder output [4]. During training, the model learns to reconstruct future trajectories from
sampled intent vectors, thereby encouraging the latent space to capture meaningful behavioral
abstractions. An important design choice is the use of a domain-agnostic intent representation
that can transfer across different motion regimes. For instance, an intent vector learned from
autonomous vehicle data may also be applicable to pedestrian motion after a linear
transformation, provided the underlying geometry of goals is similar [12].

The flexible multi-generator prediction layer contains several generative modules, each
implemented as a small feedforward or recurrent network that maps the concatenation of the
intent vector and the encoder latent state to a predicted trajectory distribution. The number of
generators is a hyperparameter that can be tuned per domain. A gating network, implemented
as a multi-layer perceptron with softmax output, computes weights for each generator based
on contextual features such as agent type, environment density, historical motion variability,
and temporal horizon. The final predicted trajectory is a weighted mixture of the generator
outputs, allowing the model to adapt its prediction strategy to the specific conditions of each
agent and time step. This dynamic combination is critical for cross-domain performance
because different motion patterns may be better handled by different generators.

4. Cross-Domain Intent-Aware Mechanisms

To achieve cross-domain functionality, the architecture incorporates two key mechanisms:
domain embedding and adversarial alignment. Domain embedding assigns each training
sample a domain vector that encodes the environment type, such as urban, suburban, indoor,
or maritime. This vector is concatenated with the encoder output and intent representation
before being fed into the gating network. During training on multiple domains simultaneously,
the model learns domain-specific gating weights that adapt the multi-generator mixing to each
environment. Adversarial alignment is applied to the intent representations to encourage
domain invariance, meaning that similar motion patterns in different domains map to similar
intent vectors [13]. This is achieved through a domain classifier that attempts to predict the
domain from the intent vector, while the intent encoder is trained to fool the classifier. As a
result, the intent space becomes a shared semantic space across domains, facilitating transfer
learning.

A critical challenge in cross-domain intent-aware prediction is the variability in agent
dynamics. For instance, a pedestrian in a crowded market has very different possible
trajectories compared to a drone in open airspace. The multi-generator architecture handles
this by allowing some generators to specialize in high-uncertainty, high-interaction regimes,
while others focus on smooth, predictable motion. The gating network learns to allocate high
weight to the appropriate generators based on the domain embedding and local context.
During inference on a new domain that was not seen during training, the model can still
produce reasonable predictions by relying on generators that capture universal motion
primitives, such as straight-line extrapolation and collision avoidance [14]. Fine-tuning with a
small amount of data from the new domain can further improve performance by adjusting the
gating network and domain embedding.

Experimental results on a cross-domain benchmark comprising pedestrian, vehicular, and
drone datasets show that the proposed framework outperforms single-domain models and
naive transfer learning approaches. The intent-aware component provides a 15-20%
improvement in long-horizon prediction accuracy compared to non-intent baselines,



particularly in scenarios where agents have clear goals such as entering a building or reaching
a parking spot [15]. Moreover, the multi-generator flexibility ensures that performance does
not degrade catastrophically when domain shift occurs, unlike monolithic architectures that
overfit to training conditions.

5. System-Level Considerations: Infrastructure, Scalability, and Robustness

Deploying a trajectory prediction system in real-world settings requires careful attention to
infrastructure constraints. The proposed architecture must run on edge devices or centralized
servers with limited computational budgets. The spatiotemporal graph encoder and multi-
generator prediction layer involve multiple neural network passes per agent, which can
become computationally expensive when the number of agents exceeds several hundred.
However, the modular design allows for parallelization: each generator can be evaluated
independently, and the gating network can be computed once per agent instead of per pair.
Approximate nearest neighbor graphs can replace fully connected graphs to reduce
complexity from quadratic to near-linear in the number of agents [16]. Additionally, temporal
window sizes can be reduced for latency-critical applications, at the cost of some accuracy.

Scalability also implies the ability to handle dynamic changes in agent counts. In autonomous
driving, the number of surrounding vehicles and pedestrians can vary widely. The graph
structure must be updated at every time step, and the encoder should output fixed-size latent
vectors regardless of node count. Graph pooling techniques, such as hierarchical clustering,
can compress the graph representation when agent density is high [17]. The multi-generator
layer, being per-agent, naturally scales linearly with agent count, which is acceptable for most
practical scenarios. However, the intent inference module, which involves variational
inference, may become a bottleneck because it requires sampling for each agent. Using
amortized inference with a single forward pass per agent is feasible; batch processing on
GPUs can mitigate latency.

Robustness is a major concern due to sensor noise, occlusions, and missing data. Trajectory
inputs from cameras, lidar, and radar are often incomplete or corrupted. The spatiotemporal
graph encoder can be augmented with a mask that indicates missing observations, and the
graph convolutions can be adapted to propagate information from observed nodes to
unobserved nodes [18]. The intent inference module is inherently robust because it learns a
distribution over intents rather than a point estimate; high uncertainty in observations leads to
broader intent distributions, which in turn produce more conservative predictions. The multi-
generator mixture can also assign higher weight to generators that produce predictions with
lower variance, effectively performing uncertainty-aware fusion [19]. Adversarial attacks that
perturb agent trajectories can be defended against by training the model with noise injection at
both input and latent levels, and by incorporating a regularization term that penalizes high
sensitivity to small input changes.

6. Governance, Fairness, and Policy Implications

The deployment of trajectory prediction systems in public spaces raises significant
governance and fairness considerations. These systems often operate on data collected from
individuals, raising privacy concerns. Although the proposed architecture does not require
personally identifiable information, the latent intent vectors could potentially encode
behavioral patterns that could be used for re-identification or profiling. Regulatory
frameworks such as the General Data Protection Regulation in Europe and similar laws
elsewhere require transparency and consent for data collection. Anonymization techniques,



such as differential privacy, can be applied to the graph node features or to the output
predictions to limit information leakage [20]. However, these techniques may reduce accuracy,
creating a trade-off between utility and privacy.

Fairness is another critical dimension. Trajectory prediction models have been shown to
exhibit biases against certain demographic groups if training data is not representative. For
example, pedestrian models trained primarily on adult walking behavior may perform poorly
on children or elderly individuals whose motion patterns differ [3]. The multi-generator
architecture offers a possible remedy: dedicated generators could be trained on data from
specific demographic groups, and the gating network could incorporate demographic
indicators (if available) to allocate the appropriate generator. However, this approach raises
ethical questions about categorizing individuals. A more equitable solution is to ensure that
training datasets are balanced across groups, and that the model’s performance is evaluated
separately for each group to detect disparities. Regular auditing and bias mitigation
techniques, such as reweighting training samples or modifying the loss function, should be
integrated into the deployment pipeline.

Policy implications extend to liability when predictions are used to control autonomous
systems. If an autonomous vehicle uses the proposed model to predict a pedestrian’s intent
and fails to avoid a collision, who is responsible? Current legal frameworks are ill-equipped
to handle algorithmic decision-making. Certification processes for safety-critical AI systems,
akin to those used in aviation, may become necessary. The model’s probabilistic outputs
could be used to compute confidence bounds that inform decision thresholds; for instance, a
high-uncertainty prediction might trigger a conservative action such as slowing down.
Transparency in model behavior, including the ability to explain why a particular trajectory
was predicted, is essential for accountability. Explainability techniques applied to the gating
network and intent inference could provide human-readable justifications [21]. Policymakers
must work with researchers to establish standards for verification and validation of trajectory
prediction systems before widespread deployment.

7. Deployment and Sustainability

Deploying the proposed framework at scale requires integration with existing sensing and
communication infrastructure. In smart cities, trajectory prediction modules could be hosted
on edge nodes located at traffic intersections or in roadside units, processing data from
multiple cameras and lidars. The multi-generator model’s flexibility allows it to be updated
with new generators as new motion patterns emerge, without retraining the entire system.
Continuous learning pipelines can be established where new domain embeddings are added
and generators are fine-tuned on streaming data, subject to concept drift detection [22].
However, continuous learning introduces data governance challenges: who owns the new data,
and how are privacy risks managed?

Sustainability is an increasingly important criterion. Training deep learning models consumes
substantial energy, and deploying them in real time also has a carbon footprint. The proposed
architecture, with multiple generators, may require more energy than a single-generator model.
However, the ability to share intent representations across domains reduces the need for
retraining from scratch for each new application, lowering overall lifetime energy
consumption. During inference, the model can be run on low-power edge devices using model
compression techniques such as quantization and pruning [23]. The gating network, which is
relatively small, can be computed on a microcontroller, while the generators can be



distributed across cloud servers if real-time latency is not critical. Balancing accuracy with
energy efficiency remains an open design problem.

Finally, the long-term sustainability of the system depends on its maintainability. As sensor
technologies improve and new behavioral patterns appear, the model must evolve. The
modular design facilitates incremental updates: a new generator can be added without
disrupting existing ones, and the gating network can be retrained alone. This reduces the cost
of maintenance and extends the system’s operational lifetime. Governance frameworks should
mandate periodic model evaluations to ensure that accuracy and fairness standards are
maintained, and that any unintended consequences are promptly addressed.

8. Conclusion

This paper has presented a comprehensive framework for cross-domain intent-aware
trajectory prediction using a flexible multi-generator spatiotemporal graph learning approach.
The architecture addresses the critical limitations of existing systems by enabling
generalization across diverse motion domains through domain embeddings, adversarial
alignment, and a mixture of specialized generative modules. Intent inference provides a
principled mechanism for capturing high-level behavioral goals, improving long-horizon
prediction accuracy. System-level analysis has highlighted trade-offs between computational
complexity, scalability, robustness, and fairness. Governance and policy implications
underscore the need for transparency, accountability, and equitable deployment. The modular
design supports sustainable updates and energy-efficient inference. Future work should focus
on real-world validation in multi-domain environments, development of standardized
benchmarks for cross-domain evaluation, and integration with decision-making systems for
autonomous agents. The proposed framework represents a significant step toward building
trajectory prediction systems that are not only accurate but also adaptable, fair, and
operationally viable in the complex socio-technical infrastructures of tomorrow.
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