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DEVELOPMENT OF GRAPH NEURAL NETWORK APPROACH
FOR PEDESTRIAN TRAJECTORY PREDICTION

Vedant Dhanyamraju

ABSTRACT

Pedestrian trajectory prediction is a fundamental problem in autonomous systems,
robotics, and self-driving vehicles, where accurately forecasting future human motion
is critical for safe navigation and interaction. The task is particularly challenging due
to the highly dynamic, socially interactive, and inherently multimodal nature of pedes-
trian behavior.

This thesis first presents a comprehensive study of the pedestrian trajectory pre-
diction domain, ranging from physics-based models and classical machine learning
techniques to modern deep learning and multimodal generative frameworks. Existing
methods are analyzed using commonly adopted evaluation metrics such as Average
Displacement Error (ADE) and Final Displacement Error (FDE). The review high-
lights several persistent limitations in current systems, including poor generalization
across scenes, limited robustness to irregular crowd behavior, computational complex-
ity, and challenges in modeling diverse future intentions.

Motivated by these observations, this thesis proposes two novel deep learning ar-
chitectures for multimodal pedestrian trajectory forecasting. The first proposed model,
SWIFT-Net (Slot-guided Wavelet Interaction Fusion for Trajectories), introduces a hi-
erarchical framework for capturing both local and global interaction patterns. Sep-
arate spatial and temporal interaction graphs are constructed and decomposed using
wavelet-based multi-scale feature extraction, enabling the model to learn short-range
and long-range dependencies simultaneously. An adaptive fusion mechanism together
with slot attention disentangles distinct behavioral patterns within crowds, allowing
the model to generate multiple socially plausible future trajectories. The second pro-
posed model, TRACE-Net (Trajectory Reasoning via Adaptive Competitive Encod-
ings), focuses on adaptively modeling irregular crowd dynamics through deformable
spatio-temporal reasoning. The architecture employs asymmetric and deformable 3D
convolutions to dynamically adjust receptive fields based on interaction patterns. In
addition, a Competitive Attention mechanism is introduced to separate latent multi-
modal intentions into distinct behavioral encodings. These representations are further
processed using an Attention-Gated Temporal Decoder to generate diverse and socially
consistent future trajectories.

Extensive experiments conducted on the ETH and UCY benchmark datasets demon-
strate the effectiveness of the proposed approaches in improving trajectory prediction
accuracy while maintaining diversity and social plausibility. Overall, this thesis con-
tributes both a detailed understanding of the current state of pedestrian trajectory pre-
diction research and novel architectures designed to address key limitations in existing
methods.
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CHAPTER 1

INTRODUCTION

Pedestrian trajectory prediction is critical for a|wide range of intelligent systems, in-
cluding self-driving cars, social robots and smart surveillance. Stand at a busy street
for some minutes and two things becomes clear , people are constantly making split-
second decisions about where to go next and that collisions are very rare. We read
social cues and anticipate group flows while dodging strangers , and also coordinate
with dozens of people all without thinking. Teaching a machine to do this is an interest-
ing problem in compute vision and intelligent systems. Accurate pedestrian trajectory
prediction is important for many applications: autonomous vehicles need it to navigate
safely and surveillance systems rely on it to flag unusual behaviour while social robots
need it to move through human spaces without being awkward or obstructing flow.

The challenge extends far beyond estimating a simple walking direction. Human
movement is continuously shaped by immediate neighbors, broader crowd patterns,
and the physical constraints of the scene—dynamics that are notoriously difficult to
model. Human locomotion is continually informed by an interplay between individual
intent, social pressure and environmental constraints. As such, trajectory prediction is
a problem of predicting behavior: a single past can lead to multiple futures based on
la-tent social context.

Early solutions relied on hand-crafted rules, often treating pedestrians as particles
driven by social forces [1]. While interpretable, these techniques were far too rigid.
Human behavior is highly diverse and context-dependent; it cannot be locked into a
static set of mathematical rules. These methods were basic, yet insufficient to model
the complex and varied nature of crowd movement in the real world [2, 3]. The advent
of deep learning marked a breakthrough. Recurrent architectures like Social-LSTM [2]
and Social-GAN [3] proved that data-driven interaction modeling yields significantly
more realistic trajectory predictions. Recurrent networks [4] and, more recently, Graph
Neural Networks (GNNs) [5, 6] demonstrate that data-driven interaction models lead
to much more realistic predictions by learning spatial and temporal interactions. More
recently, Transformers have been adopted to capture global attention across all agents
in a scene, while Graph Neural Networks (GNNSs) provide a native way to model the
continuously evolving spatial relationships between pedestrians [4, 5, 6, 7, 8].

Despite this progress, important bottlenecks remain in current architectures. Most
existing models evaluate pedestrian interactions at a single scale. They either lock
onto localized, pairwise interactions or zoom out to capture global crowd dynamics,
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but they rarely handle both at the same time. This is a severe limitation, as real-
world human behavior is inherently multi-scale. Someone navigating a dense crowd
is simultaneously reacting to the person directly in front of them and adjusting to the
general flow of the group twenty meters ahead. Capturing both levels of detail and
understanding how they interact is essential for generating truly plausible predictions.

At the same time, existing models often operate on spatial and temporal features
separately or rely on a fixed convolution kernel for spatial aggregation. Yet, human in-
teractions are dynamic and intrinsically geometric; people don’t move on fixed grids or
interact at fixed temporal resolutions. Furthermore, although the need for multimodal
prediction is well acknowledged - often resolved through Generative Adversarial Net-
works (GANSs) [3] or a set of trajectory anchors [9, 10] - these approaches often fail to
explicitly separate multimodal intent. They are prone to yield unrealistic, mixed-mode
trajectories due to mode entanglement, or are inherently limited by the low spatial
coverage of their anchor sets.

To address these limitations, this thesis proposes two complementary frameworks
for multimodal pedestrian trajectory prediction. The first framework, SWIFT-Net, is
built around the insight that pedestrian interactions must be modeled hierarchically
across multiple spatial and temporal scales. SWIFT-Net processes pedestrian inter-
actions through a hierarchical wavelet decomposition module that explicitly separates
and analyzes features at multiple spatial and temporal scales. Rather than discarding
fine-grained details in favor of global patterns or vice versa, it retains both and learns
how to fuse them adaptively. A spatio-temporal fusion block modulates how much
weight to place on spatial versus temporal cues depending on the local context giving
more weight to social proximity in dense crowds, for instance, and leaning on tempo-
ral continuity when a pedestrian is moving freely. A slot attention module then breaks
it into latent behavioral modes present in the fused features, allowing the model to
explicitly represent the multi-modal nature of future motion. Finally, a temporal con-
volutional network directly predicts multiple candidate trajectories, trained to be both
accurate and diverse. We evaluate SWIFT-Net on the standard ETH and UCY bench-
mark datasets and show consistent, significant improvements over prior state-of-the-art
methods.

The second framework, TRACE-Net (Trajectory Reasoning via Adaptive Com-
petitive Encodings), focuses on explicitly disentangling multimodal human intention
while modeling fluid social interactions. Rethinking the conventional spatial pooling,
TRACE-Net introduces an Adaptive Spatio-Temporal Interaction Module. This mod-
ule employs deformable 3D convolution with asymmetrically-shaped kernels to adap-
tively reshape its receptive field. This enables the network to learn the exact spatial
and temporal offsets for the interactions, naturally adapting to the geometry of crowd
dynamics.

In addition, to account for multimodal intent without explicitly sampling from an-
chor points, TRACE-Net introduces a Competitive Attention module. This module
explicitly disentangles the joint spatio-temporal features into multiple latent “’slots”
which compete to represent the different modes of crowd behavior. By disentangling
the movements into isolated actions, such as yielding, turning and accelerating, the
model is able to plan independent motion patterns. Finally, disentangled encodings are
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fed to an Attention-Gated Temporal Decoder which, in combination with Latin Hy-
percube Sampling, yields a statistically confident and highly diverse set of long-term
predictions.

Together, the proposed frameworks aim to improve the accuracy, diversity and real-
ism of pedestrian trajectory prediction by addressing key limitations in existing spatio-
temporal and multimodal interaction modeling approaches.

In addition to social interactions, scene understanding is also a crucial component
of the pedestrian trajectory prediction. The geometry and semantics of the environ-
ment have a strong constraint on human movement. It is natural for people to prefer
walking on sidewalks over walking on roads, avoid static obstacles, follow entrances
and exits, and change their paths as per the available free space. Therefore, the prob-
lem of trajectory prediction cannot be considered as a problem of sequence forecasting
alone, but also needs to reflect the structure of an environment where the motion oc-
curs. In most early trajectory prediction systems, only position coordinates were used,
and they were often unrealistic, such as going through walls or ignoring scene seman-
tics. In recent works, semantic maps, occupancy grids, bird’s-eye-view representation
and visual scene encoding are thus combined to enhance the environmental awareness
[4, 7]. Modern architectures are capable of generating physically plausible trajectories
directly from the spatial context, alongside being mathematically accurate.

Uncertainty is one of the other big difficulties for pedestrian trajectory prediction.
Human behaviour is inherently multimodal: when a pedestrian approaches an inter-
section, she may go straight, turn left, stop or change her direction based on subtle
factors that are not directly observable in the context. What this implies is that there
are more than one socially acceptable futures for a single observed history. Traditional
deterministic predictors are not very successful in such cases, looking for a "mean”
trajectory, in the process sometimes generating unrealistic trajectories that do not rep-
resent any valid human behaviour. Given this, multi-modal forecasting has been the
subject of recent attention, including methods like Generative Adversarial Networks
(GANSs), latent variable models, and trajectory sampling strategies (see [3]). The mod-
els attempt to produce a range of potential and not a single deterministic outcome.
Multimodal prediction has therefore dropped the emphasis on the minimization of the
positional error and moved towards modelling uncertainty, diversity and social plausi-
bility of trajectories.

In the field of architecture, the prediction of trajectories has undergone very marked
developments during the last decade. Early models used Long Short-Term Memory
(LSTM) networks as they were able to model temporal dependencies in sequential
data, as mentioned in [2]. These methods encoded trajectories as a function of time
and then autoregressively decoded future coordinates. These worked well, but there
were problems with modelling long-range dependence and the sequential computation
overhead in recurrent models. This led to the use of convolutional and graph-based
techniques which would allow for more efficient processing of interactions in par-
allel. A natural solution for encoding pedestrians as nodes and their interactions as
dynamically changing edges was proposed by Graph Neural Networks (GNNs) [5, 6].
Relational reasoning is explicitly modeled in such approaches and they offer better
scalability in dense scenes with complex interactions.
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Later, transformer-based methods extended this capability by introducing self-attention
mechanisms that can capture global dependencies across all agents and timesteps at
once across all timesteps and agents [8, 7]. Self-attention enables each pedestrian to
provide dynamic attention to the most relevant surrounding agents (independent of
spatial distance or temporal ordering). This can be very helpful when there are a lot of
people around and meaningful interactions are not necessarily happening with adjacent
neighbors. Moreover, the parallelization support of transformer model training and in-
ference are high, which is suitable for large-scale modelling. This success in NLP and
computer vision has motivated the development of a large number of research projects
investigating attention-based forecasting methods for human motion understanding.

Despite all these advances, predicting the trajectories of people in dense crowds is
still a difficult task, since it is determined by a number of interacting factors at vari-
ous spatial and temporal scales. Local interactions can be distinguished from global
interactions by collision avoidance and by short range coordination with surrounding
pedestrians, while collective crowd motion and long term navigation goals give rise
to global interactions. Older methods tend to be one-sided and pay attention to one
part of the process and ignore the other. The locally oriented approaches might not
account for global flows of crowds and the short-range behavioural adjustments might
not be detected in the globally oriented models. This imbalance motivates the need
for hierarchical and multi-scale representations capable of simultaneously modelling
fine-grained interpersonal interactions and large-scale collective dynamics.

Temporal complexity adds to the challenge. Human navigational decisions take
place on multiple time scales; some responses are moment-to-moment decisions, while
others are over seconds. The current forecast methods typically rely on a fixed tempo-
ral window and a fixed temporal representation that might not be suitable to describe
such varying temporal dependencies. Multi-scale temporal reasoning is thus gaining
increasing relevance in the latest research. The goal of Hierarchical temporal encoders
and multi-resolution interaction modules is to concisely encode short-term reactive
behaviour and long-term intentional movement. In dense urban areas where human
behaviors and actions are constantly adapting to their environment and surroundings,
capturing the temporal dynamics is especially crucial.

Outside of the modelling challenges, the computational demands of practical de-
ployment are also challenging. Predictions need to be computed in real time under
limited computational budgets in the case of autonomous vehicles and robotic systems.
Many high-tech models use expensive attention mechanisms, large graphs, or iterative

L ° sampling approaches that are hard to scale for large scenes, however. Therefore, a

trade-off between prediction accuracy and inference efficiency is of interest. Some
recent efforts (e.g., past and present) try to solve this problem by using lightweight
interaction modules, simplified graphs, or feed-forward architectures trying to strike a
balance between reducing the computational complexity and retaining competitive per-
formance. Achieving a balance between efficiency, scalability and prediction quality
is a significant hurdle in the real world deployment.

Benchmark datasets have also been at the core of pedestrian trajectory prediction
approaches. ETS and UCY were selected as foundational datasets since they offer
labeled pedestrian trajectories in real-world settings, where there are rich social inter-
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actions. These datasets allowed these to be evaluated consistently according to param-

L] e eters like Average Displacement Error (ADE) and Final Displacement Error (FDE)

used widely in the literature. More recent datasets have added more complex urban
scenes, heterogeneous agents, semantic maps, and larger crowds to provide more di-
versity and realism of the evaluation scenarios. The increasing amount of data has thus
enabled the emergence of increasingly complex learning-based models that are able to
capture nuances of human behavior.

There is already a lively debate about how to evaluate. ADE and FDE reveal only
the positional accuracy, but not the quality of multimodal predictions or the social
realism of generated trajectories. Low displacement error does not guarantee that the
prediction will respect the scene constraints or generate socially implausible motion.
In addition to the standard error measures, recent work also focuses on the measures of
diversity, uncertainty calibration, collision rates and socially acceptable behavior. This
is a general trend in the field from geometric to behaviourally meaningful forecasting.

One of the new trends is explainability and interpretability. Deep learning methods
can forecast very accurately, but the reasoning used is not easily understood as these
methods are usually hard to interpret because they are black-box systems. Certain ap-
plications are safety-critical, like autonomous driving, which are especially important
for interpretability as prediction failures can incur major consequences. Researchers
are thus starting to look for ways of delivering interpretable interaction reasoning, at-
tention visualization, or physically grounded forecasting mechanisms. Particularly,
hybrid solutions that leverage data-driven learning and include explicit physical con-
straints or social priors have been in the spotlight as a potential approach to achieve
both robustness and explainability.

The significant advances in the field of trajectory prediction has also grown the ap-
plications beyond autonomous driving. Attention is a key factor in human-aware nav-
igation, which has gained attention in the field of service robots, crowd management,
augmented reality, intelligent surveillance, sports analytics and smart city infrastruc-
ture. One field in which trajectory forecasting plays a crucial role in robotic navigation
is in developing socially compliant motion planning that allows for smoother interac-
tion with humans. Surveillance systems: predicting abnormal trajectories can assist in
anomaly detection and public safety monitoring. Likewise, crowd simulation systems
make use of realistic motion prediction to model evacuation situations and optimize the
design of infrastructure. The variety of these applications demonstrates the interdis-
ciplinary concepts and importance of pedestrian trajectory prediction in today’s smart
systems.

- o Despite significant progress in trajectory prediction methods, there are still ajnum-

ber of open research questions that have yet to be addressed. Current models have
yet to achieve good generalization on unseen environments, robustness to distribution
shifts, few observations, and dense crowds. Numerous methods are based on the train-
ing using benchmarks, and do not easily transfer to real-world deployments that have
different environmental conditions or pedestrian behaviours. In addition, most data sets
are relatively small and do not reflect the variety of urban environments. The existing
models lack generalised interaction reasoning, are computationally expensive, and do
not provide behaviour interpretation.This is a problem that needs to be addressed by
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models that can learn generalised interaction reasoning, yet are computationally effi-
cient and behaviourally interpretable.

These limitations are the motivation for the present work, which aims to further
advance the understanding of multi-scale pedestrian interaction modelling. This the-
sis aims in particular to advance trajectory forecasting in architectures that are able to
capture both local interpersonal behaviours and the overall crowd dynamics. The work
proposes a new approach of hierarchical interaction representations and dynamic rela-
tional modelling to create predictions that are accurate, realistic, scalable and adaptable
to complex environments. The general goal is thus towards the development of strong

L @ pedestrian trajectory prediction systems that can be effectively used in real-world |in-
telligent transportation systems and autonomous navigation applications.
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CHAPTER 2

LITERATURE REVIEW

Pedestrian trajectory prediction methods can be broadly categorised based on how
they model motion and uncertainty. In this work, we group them into four categories:
physics-based, classical machine learning-based, deep learning-based, and multimodal
approaches. This taxonomy captures the progression from rule-based to data-driven
and multimodal methods, which we analyze in detail in the following sections.

2.1 Physics-Based and Classical Machine Learning Ap-
proaches

Physics-based methods rely on hand-crafted rules and physical intuition, such as the
Social Force Model [1] and geometric or kinematic approaches like ORCA [11] and
constant velocity models [12]. Earlier work in this domain was mostly physics model-
ling where motion was described using rules and pedestrian interaction. A well known
example being the Social Force Model [1] which modelled pedestrian behaviour using
attraction and repulsion forces between the pedestrians and the surroundings. Other
works built on this to add more details to reflect crowd behaviour [13]. Other works
took a different approach like ORCA [11] handled collisions between pedestrians by
modelling velocities to predict which movement will lead to a crash. Simpler baselines
like the constant velocity model (CVM) [12] assume linear motion and use only the
previous movement to predict the future. These models are quite simple, yet they
perform reasonably well in some cases. Some other methods also use acceleration
and avoidance between pedestrians [14], while others combine motion planning with
physics to predict long-term motion [15].

These methods are easy to interpret and efficient to run, but they have strong as-
sumptions about pedestrian movement, hence they struggle in scenes which are heav-
ily crowded or scenes with complex pedestrian interactions. Classical machine learn-
ing methods introduce probabilistic formulations, including switching dynamical sys-
tems [16], Gaussian processes [17], and Bayesian models [18], but remain limited in
modelling complex interactions. Later work explored using classical Machine Learn-
ing approach-es with probabilistic formulations to deal with some of these issues.
Methods based on switched linear dynamical systems [16], Gaussian processes [17],
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and Bayesian models [18] try to model uncertainty and temporal variation in a more
data-driven way. Even so, capturing complex interactions between multiple agents is
still difficult for these mod-els, which is why more recent work has moved toward deep
learning-based approach-es.

2.2 Emergence of RNN-Based Sequence Modelling

The shift to deep learning fundamentally changed pedestrian trajectory prediction.
Deep learning-based methods learn motion patterns directly from data and form the
dominant paradigm. Deep learning methods are now used quite a lot for pedestrian
trajectory prediction, mainly because they can pick up motion patterns and interac-
tions directly from data. Unlike earlier approaches, they don’t rely on hand-crafted
rules, but learn temporal behaviour, interactions, and scene context in an end-to-end
manner.

Recurrent neural networks brought about a big change in prediction as they could
learn how movement happens over time (Temporally). Some of the earlier work in
this area used recurrent neural networks (RNNSs), treating trajectories as sequences.
Social-LSTM [2] is one of the first examples, where a pooling mechanism is used
to bring in information from nearby pedestrians, so the model can account for local
interactions. Further works built on this idea to improve pedestrian interactions are
handled by using more flexible architectures and attention mechanisms [19], allowing
the model to attend to relevant pedestrians instead of treating all the neighbours equally.

Generative approaches came in later to handle the variability of human motion.
Social-GAN helped by creating many different but realistic paths [3]. Social GAN [3]
used adversarial training by using GANs to produce socially possible trajectories and
So-Phie [20] used both social and temporal attention. MG-GAN [21] uses multiple
generators to increase the diversity of predictions and reduce mode collapse. These
methods move from predicting only one trajectory to instead model a distribution over
trajectories. Other methods focused on where the person wanted to go to make better
long-term guesses [22]. Nevertheless, the issues with RNNs remain. The sequential
nature restricted the speed of training, long-range dependencies might degrade over
time, and sometimes the uncertainty representation was limited. These constraints
inspired a shift to more parallelizable and socially conscious architectures.

2.3 Transformer-Based Techniques of Global Interac-
tion

Transformers, which have a global receptive field, and attention mechanisms, were of
interest because of their ability to | model long-term temporal |association. Recently,
transformer-based models have explored to better capture long-term dependency and
complex interactions. Models that used transformers performed highly in multi-agent
prediction tasks because they allowed every pedestrian to focus on the rest of individu-
als in a scene to attend to the others, which are known as transformer-based models [8].
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To achieve the fusion of social and temporal cues, architectures such as Agent-
Former proposed agent-aware relational attention to predict better fusion results by
incorporating social and temporal information [7]. AgentFormer [7] used attention to
model both temporal and social relationships, while Social-Implicit [23] used a lighter
architecture to get strong performance, showing that efficiency and performance can go
hand in hand. Subsequent studies added semantics or scene layouts, or even physics-
based priors, to the attention module to enhance awareness of the contexts of their
surrounding environment [24].

In spite of such benefits, transformer models were associated with high computa-
tional costs since attention is quadratically related to the size of the group of agents
and the time steps. Besides, most of these models reasoned independently through
time and space, something that restricted them to interactions that develop together.
Such issues led to the inclusion of structured relational reasoning through graph neural
network modeling.

2.4 Graph Neural Networks for Social and Spatio-Temporal
Reasoning

- 9 Researchers also explored graph modelling, where the pedestrians are represented as

nodes of a graph and the interactions between these pedestrians jare the edges. The
graph representation gives a natural structure to model multi-agent motion: the pedes-
trians are nodes and the moving dynamic interactions are represented by the edges.
Graph-based models exhibited high flexibility to different scene densities and agent
configurations of multi-agents [6, 25].

Methods like Social-BiGAT [6] and Trajectron++ [25] use graph neural networks
to handle interactions between pedestrians, making it easier to model interactions,
even in crowded scenes. Sparse graph convolution methods significantly simplified
the com-putations, but retained significant information on relational aspects of the data
set [5]. Social-STGCNN proposed convolutional spatiotemporal propagation as its ef-
ficient and high-quality accurate model, and Dynamic-Evolving GCNs modified edge
relations with time to track the changes of interactions in the network [26, 27]. Hierar-
chical and group-conscious networks also enhanced predictions by learning social sub-
structures in large crowds of people [28, 29].

L o Despite its great success, most of the models could not cope with local and global

interactions at the same time. There were also a number of works that used immobile
receptive fields that were not easily adaptable to changes in scene topology [7, 24].

2.5 Multi-Scale Interaction Learning and Deformable
Modelling

As deformable convolution was found to be successful and effective in video tasks, the
researchers proposed spatial temporal deformability in trajectory prediction. Adaptive
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deformable kernels are able to move sampling positions according to motion struc-
ture, and this allows more informative features to be aggregated better [30]. Specif-
ically, the first application of deformable spatial temporal convolution in forecasting
by DSTCNN shows its potentiality in the first place [31]. DSTIGCN built on these
concepts and added the interaction-aware GCN layers with deformable sampling on
the spatial and temporal domains [18]. This enables the model to view the change of
social patterns at various levels, and remains adaptable in the way it learns. Tri-HGNN
and hierarchical transformers apply layers to blend tiny details, where larger tenden-
cies, such as preventing a crash to the movement of the whole group are involved in
1t.

At the same time, existing models often operate on spatial and temporal features
separately or rely on fixed convolution kernels for spatial aggregation. Human inter-
actions are dynamic and intrinsically geometric; people do not move on fixed grids
or interact at fixed temporal resolutions. These limitations motivated the development
of adaptive and deformable interaction modelling approaches capable of learning dy-
namic spatial-temporal relationships more effectively.

2.6 Multi-Source Feature Fusion and Wavelet-Based Mod-
elling

Prediction does not only concern movement but also surroundings such as the arrange-
ment of the scene. Models that incorporate all of these factors are used in new studies
to make better predictions [25]. Other works focused on using surrounding scenes,
for example, Car-Net [4] and Y-Net [32] use the scene information to predict motion.
This shows that motion alone is not enough and the scene context is also important.
The use of wavelet-based modeling gained popularity due to its ability to isolate the
large and the small [33] and WTGCN was developed [34]. They apply this approach
to mute down noise and put emphasis on the interactions that do count. These methods
demonstrate that multi-scale representations can better capture both fine-grained local
interactions and broader crowd dynamics simultaneously.

2.7 Multimodal Prediction

A common limitation in many deep learning-based methods is that they still predict
only a single future trajectory, even though pedestrian behaviour is not really determin-
istic. For the same observed trajectory, there are often multiple possible ways a person
might move, especially in open or crowded environments. Because of this, recent work
has started looking at multimodal prediction, where the idea is to generate more than
one possible future instead of committing to a single path. More recent work shifts to-
ward multimodal prediction, where instead of a single output, multiple possible futures
are generated. This includes anchor-based methods like CoverNet and TNT [9, 35], as
well as generative approaches such as MG-GAN and MotionDiffuser [21, 36].

One way to do this is through generative models that try to produce diverse trajecto-
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ries. For instance, MG-GAN [21] builds on earlier GAN-based approaches like Social
GAN [3] and generates multiple plausible samples. This helps in improving diversity,
but mode collapse is still an issue and the outputs end up looking similar or miss some
possible behaviours. Researchers explored using predefined trajectory anchors, where
methods such as CoverNet, MultiPath, TNT, and DenseTNT [9, 10, 35, 37] sample
multiple trajectories and then try to pick or rank them to get the most likely paths. This
is easier to train but it depends heavily on the anchors that are being chosen, which is
a limit on how diverse the predictions are.

Diffusion-based approaches like MotionDiffuser [36] model the trajectories by
starting from noise and then refining these over multiple steps. These methods are
trained without relying on anchors, increasing the diversity, producing realistic and
varied outputs. But these methods are harder and more computationally expensive to
train.

The most common approach to evaluate is the Best-of-K strategy, where these mod-

” a els generate multiple trajectories, generally 20 and the closest to the ground truth tra-

jectory is used for evaluation [3, 9]. While this captures diversity, it also gives a very
optimistic picture, as the worse predictions are ignored. This sort of evaluation car-
ries a trade-off between diversity and accuracy, the models that generate more options
can look reliable in BoK evaluation even if they arent reliable. Overall, multimodal
prediction is a step towards more realistic predictions of pedestrians as it accounts for
uncertainty. Evaluation and computational cost are open issues and there is still room
for improvement here.

2.8 Interaction-Aware Recurrent Models and Social Con-
text

A significant step beyond early sequence-to-sequence forecasting was the inclusion
of explicit social context in recurrent models. Instead of treating each pedestrian as
an isolated trajectory, these methods consider the scene as a small interactive system
in which nearby agents influence one another. Social-LSTM is one of the landmark
models in this direction, where a pooling mechanism aggregates hidden states from
surrounding pedestrians so that each agent is predicted with awareness of nearby mo-
tion patterns [2]. Later work refined this idea by changing the way social influence
is represented and filtered. Social Attention introduced a learnable attention mecha-
nism that assigns different importance to different neighbours, rather than combining
all surrounding agents uniformly [38]. Likewise, STGAT models spatial-temporal in-
teractions using graph attention to improve the representation of local social dynam-
ics [39].

Beyond pooling and attention, several studies tried to improve the hidden-state evo-
lution inside recurrent architectures. SR-LSTM introduced state refinement so that the
latent representation is repeatedly corrected before decoding the future trajectory [40].
TIA-LSTM also follows this line by explicitly embedding interaction awareness into the
recurrent update, which helps the model better distinguish between informative and ir-
relevant neighbours [19]. These models are important because they show that the main
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challenge is not only temporal modelling, but also deciding which social cues matter at
each time step. At the same time, the dependence on fixed neighbourhood definitions
can make these approaches sensitive to density changes, scene scale, and the number
of pedestrians present in the observation window.

2.9 Goal-, Endpoint-, and Scene-Conditioned Predic-
tion

Another important direction in pedestrian forecasting is to separate high-level intent
from low-level path generation. In many scenes, the future motion of a pedestrian
becomes easier to reason about once a likely destination, waypoint, or goal has been
identified. Goal-conditioned models therefore try to infer an endpoint first and then
decode a full trajectory that is consistent with that endpoint. PECNet is a representative
example of this idea, as it predicts endpoint information and then uses it to produce
plausible future paths [22]. Similar endpoint-aware or destination-oriented strategies
also appear in MultiPath, TNT, and DenseTNT, where a set of possible goals or anchors
is generated and then refined into full trajectories [10, 35, 37].

This decomposition is attractive because it reduces the difficulty of long-horizon
prediction and gives the model a clearer notion of intent. However, the approach also
introduces a second prediction problem: the endpoint itself must be inferred correctly.
When the goal estimate is wrong, the downstream trajectory can quickly drift away
from the true motion. For this reason, scene-aware reasoning is often combined with
goal prediction. CAR-Net and Y-Net incorporate environmental context so that pre-
dicted paths remain aligned with walkable space and scene semantics [4, 32]. These
models illustrate an important principle: pedestrian motion cannot be explained by
kinematics alone, because the environment shapes where people can and cannot move.
In practice, combining destination cues with scene context often produces more real-
istic trajectories than using either source of information in isolation.

2.10 Dynamic Graphs and Hierarchical Relational Rea-
soning

Graph-based modelling has become a dominant framework for representing multi-
agent interaction because it provides a natural way to encode who influences whom.

- @ In a graph formulation, pedestrians are nodes and pairwise relations are edges, which

allows the model to exchange information across the crowd in a structured manner.
Trajectron++ is a foundational example of this strategy, as it uses a dynamic graph
representation to model heterogeneous interactions and forecast future motion under
social constraints [25]. Social-BiGAT extends this idea by combining graph attention
with a multimodal generator, which helps the model capture both interactions and un-
certainty [6].

Later work explored different ways of making graph reasoning more efficient and
more adaptive. Social-STGCNN replaces recurrent processing with spatio-temporal
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graph convolution, which makes temporal evolution and social influence easier to
model jointly [26]. SGCN uses sparse graph convolution to reduce unnecessary mes-
sage passing while retaining useful social structure [5]. More recent methods attempt
to update graph relations over time rather than assuming a fixed interaction topology.
DERGCN models evolving graphs so that interaction edges can change as agents move
through the scene [27], while STAGP focuses on adaptive spatio-temporal graph pool-
ing to filter the most informative relations at different scales [41].

A related theme is hierarchical interaction modelling. In crowded scenes, pedes-
trian motion is not only determined by pairwise proximity, but also by group structure
and collective behaviour. GCHGAT and Tri-HGNN introduce hierarchical attention or
layered graph reasoning to distinguish between individual-level and group-level move-
ment patterns [29, 28]. Similarly, SKGACN injects social knowledge into graph atten-
tion, showing that prior knowledge about social behaviour can be beneficial when the
raw interaction signal is ambiguous [42]. RDGCN further explores the balance be-
tween graph density and predictive quality by reasoning over reasonably dense neigh-
bourhood structures [43]. Taken together, these works suggest that graph topology
is one of the most important design choices in pedestrian forecasting: too sparse a
graph may miss relevant influences, while too dense a graph can introduce noise and
unnecessary computation.

2.11 Multi-Scale and Deformable Modelling

One common problem of the fixed-kernel models is that the interactions of the pedes-
trians are not necessarily organized by a fixed spatial grid or a fixed time scale. In-
dividuals can go fast or slow, form groups and split up, or respond to an obstacle
in an unpredictable manner. To overcome this, researchers have started to incorpo-
rate multi-scale and deformable mechanisms into the trajectory prediction. Another
advantage to deformable convolutions is that they have the ability to sample points
that move depending on the motion structure, not just a fixed grid. To address this
issue, trajectory prediction models based on deformable spatio-temporal convolution
and interaction-aware graph extensions have been proposed, including DSTCNN [31]
and DSTIGCN [44]. These models try to match the receptive field with the geometry

- @ of a pedestrian’s motion, which is useful when there are very few interactions in the

scene.

An example of the value of multi-scale reasoning is if a model has to include both
local avoidance and crowd flow. While fine-grained local cues are crucial for colli-
sion avoidance, longer-range dependencies are required for collective behaviour such
as lane-like motion, queue formation and turning. Deformable and multi-scale ap-
proaches can better adapt to changes in crowd density by using both local and global
aggregation, which is more natural than rigid architectures. One of the reasons is that
recent work has begun to shift from single scale temporal encoding, to representations
that are scalable with motion patterns at different resolutions. Deformability is not just
a parameter-efficiency gimmick—in fact it is a means for aligning the inductive bias
of the model with the irregularity of human motion.
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2.12 Multi-Stream Feature Learning and Hybrid Rep-
resentations

In this section, we examine Multi-Stream Feature Learning and Hybrid Representa-

- @ tions.In this section, we will review Multi-Stream Feature Learning and Hybrid Rep-

resentations. One field of literature that has emerged in recent times is the application
of several feature streams that represent complementary aspects of motion. Rather
than using only coordinates, these models can include separate branches to process
separate pieces of information: trajectory history, social context, scene semantics, and
motion cues, before fusing them together. The advantage of multi-stream learning is
that pedestrian forecasting is inherently heterogeneous; one stream could be used for
short-term kinematics, another for scene layout, and a third for social proximity. It has
been shown that using multiple complementary signals can lead to better predictive
robustness, especially when some are noisy or incomplete [45].

Other models that use graph reasoning, attention, or knowledge-guided priors, also
include hybrid representations. The usage of, for instance, the scene images, goal hy-
potheses, and socially structured graphs, for instance, may be understood as different
perspectives on the same motion process. The combinations have also been shown to
perform better than purely homogeneous architectures, by keeping the burden of ex-
plaining all the aspects of the future in the single architecture. Concurrently, hybrid
designs have their own practical issues: What proportion of the information should be
allocated to each branch, how should the two branches be integrated, and which modal-
ity should be predominant when cues conflict? Questions focused on the real world are
particularly important if a driver is only partially visible, or partially obscured in some
way, and if the tracking is imperfectly noisy.

2.13 Multimodal Prediction and Uncertainty Modelling

Predicting and modelling uncertainty in a multimodal manner. One future path is often
too limited for pedestrian forecasting since human motion is inherently indeterminate
and can have multiple possible future paths. As a result, the prediction of multiple
modes has emerged as a key challenge in the recent research on trajectory forecasting.
The previous methods mentioned in the early days of generative models, like Social
GAN, have shown that using adversarial learning to generate a variety of trajectories
is feasible, rather than just one deterministic trajectory.Early generative methods have
proved that it is possible to create multiple trajectories with adversarial learning, not a
single deterministic trajectory, such as Social GAN. In contrast, MG-GAN takes this
step by employing multiple generators to minimize mode collapse and thereby promote
diversity in the predicted futures [21]. These methods are useful in that they explicitly
recognize uncertainty but diversity is not sufficient—the generated paths need to be
socially acceptable and physically feasible.

The anchor-based methods solve this issue by forecasting over a limited number
of possible futures. The three categories of prediction space structures that are used
in CoverNet, MultiPath, TNT, and DenseTNT are: candidate set, goal proposal, and
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anchor hypothesis [9, 10, 35, 37]. This is easier to train and can often enhance the sta-
bility of the task, but also constrains the model to the quality of the anchors or proposal
set. With an incomplete candidate set, the candidate set that the candidate chooses may
not be representative of the true future. The other approach is to begin with noise and
refine samples into plausible futures; the latter is diffusion-based trajectory prediction.
In this family, MotionDiffuser exemplifies the use of diffusion for making controllable
multi-agent motion predictions, with great diversity [36]. The downside is computa-
tional burden; typically, diffusion models need multiple denoising steps.

As far as evaluation is concerned, multimodal prediction reveals the shortcomings
of Best-of-K reporting. The best possible trajectory selected from many samples can
help one to have a better ADE and FDE, but one could also be misled by the selection
that most of the samples are poor or unrealistic. Social-Implicit explicitly states its
limitations in evaluating this prediction protocol and makes the case for careful treat-
ment of the quality of the predictions as well as the estimation of the likelihood of the
model. This is why, the literature is slowly shifting to evaluation approaches not only
for accuracy but also for diversity, calibration, collision avoidance and the probability
assigned to the ground truth.

2.14 [Evaluation Protocols and Practical deployment con-
siderations

The result of pedestrian trajectory prediction methods can vary significantly depending
on the metric used for evaluation. The most popular measures are still ADE and FDE,
which are readily calculable and readily comparable between models. These metrics,
however, are mostly related to the geometric proximity of the GT, and do not necessar-
ily reflect the realism, social acceptability, or usefulness of a trajectory for downstream
planning. In multimodal settings, minimum ADE and minimum FDE under a Best-of-
K protocol are often reported, but these minimums may be too high since they do not
consider any minimums except the best sample. In particular, if the model is used for
autonomous driving, only one trajectory or one probabilistic estimate may be useful
for the planner.

In real life deployment, there are further constraints that aren’t represented in the
benchmarks. When a model needs to run in real time, it’s important it runs quickly,
doesn’t use too much memory, and can be scaled to cope with the number of pedes-
trians. While slightly less accurate, a method that is significantly slower might not be
very useful in systems with strict latency budgets, such as constant velocity predic-
tion [12]. Another issue is resistance to partial history, occlusions and tracking noise.
Clean, densely labelled datasets may not be applicable in the real world when sensors
are not as accurate as they are during training, or when pedestrian behaviour varies
from the training domain. This is the reason for the necessity of architectures that are
stable with respect to missing observations and domain shift.

” @ The interpretability is also essential in safety-critical applications. Physics based

and knowledge based methods are easier to understand since the parameters of these
methods often have semantic meaning [1, 11]. Unlike deep learning models, proba-
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bilistic methods can better explain the rationale behind a particular trajectory and are
more accurate at longer time horizons. One of the many reasons that makes hybrid ap-
proaches attractive is that they can integrate the flexibility of a learned representation
with the transparency of a rule-based representation prior. In this respect, the literature
is coming together towards a common objective: to develop models that are accurate in
benchmark datasets, reliable, interpretable, and efficient enough for real transportation
systems.

2.15 Open Challenges and Research Motivation

There are several open challenges and motivations for further research. In spite of the

L @ rapid development in trajectory forecasting, there are|still a number of open problems

that are not solved. First, models are still unable to generalize well over scenes with
varying layouts or sizes of pedestrians, and conventions of behavior. Second, long-
horizon forecasting is still challenging, due to uncertainty building up over time and
the number of potential futures increasing as time passes. Third, current models fall
short when it comes to successfully modelling complex social interaction, including
group splitting, merging, yielding, and non-verbal communication. Fourth, the gap be-
tween the performance of the benchmark and the deployment readiness is still present,
particularly if the real-time constraints and sensor imperfections are considered.

The challenges indicate that future studies should not only concentrate on the sin-
gle metric improvement, but should be more complex. Instead, prediction systems
should be made to be designed wider, with uncertainty estimation, goal reasoning,
scene awareness, interaction modelling, computational efficiency and interpretability
built-in. In this regard, multi-scale graph reasoning, goal-conditioned decoding and hy-
brid physics-learning strategies hold promise. Literature thus indicates that a new gen-
eration of adaptive, explainable and applicable pedestrian trajectory prediction models
are needed for safety-critical autonomous driving applications.
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CHAPTER 3

METHODOLOGY

3.1 PROBLEM FORMULATION AND EVALUATION
METRICS

Given a set of observed pedestrian trajectories, the task is to predict how those pedestri-
ans will move over some future time horizon. Let the observed trajectory of pedestrian
i be

Xi = {30}, 3.1)
and the future trajectory to be predicted as
ZI S‘+T re.
Yi = {(dyDh 2, (3.2)

In addition to the target pedestrian, most models also take into account nearby pedes-
trians to model interactions, and sometimes include scene information like obstacles
or walkable areas. Earlier approaches handled these explicitly using hand-crafted
rules[1, 11, 12, 14], whereas more recent methods try to learn these effects directly
from data[2, 25, 7].

Depending on how the problem is set up, a model can either predict a single trajec-
tory or multiple possible futures. Single-trajectory prediction is still quite common, but
multimodal approaches try to deal with the uncertainty in human motion by generating
several candidate trajectories or even a distribution over outcomes[3, 9, 36].

Displacement-based metrics are usually used to evaluate performance. The Av-
erage Displacement Error (ADE) measures the mean Euclidean distance between the
predicted trajectory and the ground truth over the prediction horizon:

1 Tpred
ADE = _— ¥ ||} ~¥il,. (3.3)
pred (=1

The Final Displacement Error (FDE), on the other hand, looks only at the error at the

last predicted time step:
N Tpred Tpred
A £

FDE = (3.4)

"
Evaluation is done using a Best-of-K setup for multimodal models, where multiple
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Figure 3.1: Architecture of SWIFT-Net
” o predictions are generated, and the one closest to the ground truth is selected[3, 9]. This

tends to reward diversity, but it can also make results look better than they actually
are, since poorer predictions are ignored and the overall distribution quality is not fully
reflected.

Overall, this formulation brings out two main difficulties: capturing interactions
and scene context in a meaningful way, and dealing with the uncertainty that comes
from having multiple plausible futures.

3.2 SWIFT-Net

SWIFT-Net (Slot-guided Wavelet Interaction Fusion for Trajectories) addresses a dif-
ferent limitation in trajectory prediction. Many models fail to capture the full range
of interactions because they operate at a single scale. Human behaviour, however,
emerges from both local interactions and broader crowd patterns. SWIFT-Net is de-
signed to capture multi-scale interaction features and fuse them intelligently.

3.2.1 Constructing Spatial and Temporal Graphs

SWIFT-Net constructs two separate graphs:
* A spatial graph representing social interactions at each frame

* A temporal graph representing motion along the time axis
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Both graphs are passed through attention layers to obtain initial interaction score ma-
trices for spatial and temporal dimensions.

Os/TKY
Rs)r = Softmax ZSITST (3.5)
ds/t

Rg = Convi1(Rs) (3.6)

3.2.2 Hierarchical Wavelet Interaction Module

This module of SWIFT-Net: multi-scale decomposition. Wavelet transforms break a
signal into:

* Low-frequency components, representing global patterns
* High-frequency components, capturing local changes and details

SWIFT-Net applies three levels of wavelet decomposition to both spatial and temporal
interaction matrices. At each level, the decomposition produces four components:

L e * LL (low—low)

* LH (low-high)
* HL (high—low)
e HH (high-high)

These represent different directions and scales of interaction.

After decomposition, each component is processed using asymmetric convolution (1x5
and 5x1 kernels). This allows the network to pick up directional motion patterns and
fine-grained relational cues.

An inverse wavelet transform then reconstructs the final adjacency matrices.

For space and time:

I+1 / /
Rg/T,z-ocl =({2) (fc(o)ﬁ *Ré/)T7LL> )

co,c1 €{L,H} (3.7)
c!) = Conv (R(l) )+ Conv (R(l) )
S/T,cocy SXT\RS/T ¢qe IXS\Rs/T ¢
(0
+RY (3.8)
(1) (1)
Csjrr < Csjric
L faa x0DCG, (3.9)
C0,C1 E{L,H}
Asyr = Softmax (C{)) ), ) +1 (3.10)
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3.2.3 Graph Convolution for Feature Extraction

L] @ The spatial and temporal adjacency matrices are each passed through graph convolu-

tion layers to obtain:

* social interaction features (Hs)

* temporal interaction features (Ht)

Both contain complementary information, but their importance varies depending on
the scenario.

Hy = 6(AsGsWgs) (3.11)
Hr = 8(Ar Gr Wer) (3.12)

3.2.4 Adaptive Spatio-Temporal Fusion Module

Instead of simply adding Hs and Ht, SWIFT-Net introduces a guided attention-based
fusion block. The module computes:

* spatial attention
e channel attention

 feature attention

These help determine how much weight to assign to spatial or temporal informa-
tion for each pedestrian. For example, in a dense crowd, spatial cues may dominate,
whereas temporal cues may be more important when a pedestrian is walking alone.
The output is a fused feature representation HstF that is more balanced and context-
aware.

Combine features:
Hgr = Hs+ Hr (3.13)
Spatial attention:

Ws = Convys ([AngoolS(HST), MaxPools(Hsr) ]) (3.14)

Channel attention:

We = CNN ([Angoolc(HST), MaxPoolc(Hsr) ]) (3.15)

Feature attention:

Ws = 6(Convyy7 ([Hsr; We + Ws])) (3.16)
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Final fused features:
Wr=1-Ws (3.17)
Hgrp = (14+Ws)Hs+ (1+Wr)Hr (3.18)

3.2.5 Slot Attention Module

While the spatial-temporal fusion module produces rich interaction-aware features,
it does not explicitly disentangle different underlying motion patterns or interaction
modes. In real-world scenarios, pedestrian behavior is inherently multi-modal, where
multiple plausible future trajectories may exist depending on social context.

- e To address this, we incorporate a Slot Attention module to|decompose fused fea-

tures into a set of latent representations, referred to as slots. Each slot is designed to
capture a distinct interaction pattern or behavioral mode.
Given the spatial-temporal feature representation:

He RN xHXTxC
we first compress the temporal dimension to obtain per-pedestrian features:
X e ]RN xHxC

These features are normalized and passed into the Slot Attention module, which
initializes a fixed number of learnable slot vectors:

So NJV(NK’)

At each iteration, attention is computed between input features and slots:

A = Softmax (K(X\)[Qd(S)T> (3.19)

The attention weights are normalized across inputs to ensure competition between

slots:
- Ay
ij = ZT%J (3.20)
i

Each slot is then updated using weighted aggregation of input features:
U=ATv(X) (3.21)

The slots are iteratively refined using a GRU-based update mechanism:
s+ = GRU(U, §") (3.22)

followed by a residual MLP refinement:

s+ = §' + MLP(LayerNorm(S')) (3.23)
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After multiple iterations of this, the slots capture distinct aspects of interaction
dynamics. Instead of treating them independently, we aggregate slot information to
obtain a compact representation:

1 K
Sage = % Y Sk (3.24)
k=1

This aggregated slot representation is then broadcast and fused back into the origi-
nal spatial-temporal features:
H' = H + Sagg (3.25)

This process enhances the feature representation by incorporating global interac-
tion patterns and latent behavioral modes, improving the model’s ability to generate
diverse and socially consistent trajectory predictions.

3.2.6 Temporal Convolutional Network for Multi-trajectory Pre-
diction

SWIFT-Net does not sample trajectories from a Gaussian distribution. Instead, it di-
rectly predicts multiple future trajectories using a temporal convolution network. Each
predicted trajectory represents a possible future mode.

To train this, SWIFT-Net uses a mix of losses to balance accuracy and diversity:

» a winner-takes-all loss, which selects the closest predicted trajectory

* an overall prediction loss, encouraging all predictions to be meaningful

n tpred
2y Y minp
T 3 2
+limin ol (3.26)
ni—l k pinred lepred 2 :
n tpred
L, = p t — Dig
nTSL lt=tops+1k= b 2
1 & S
Plies ~ Pityus| (3.27)
Sz 1k=1 ”p ¢
L=L,+AL, (3.28)

3.3 TRACE-Net

TRACE-Net (Trajectory Reasoning via Adaptive Competitive Encodings) is built around
the idea that pedestrian interactions unfold jointly in space and time. Most earlier
models treated spatial and temporal features separately, then fused them afterward.
TRACE-Net attempts to directly learn these dependencies in a unified manner.
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Figure 3.2: Architecture of TRACE-Net

3.3.1 Constructing the Spatial Graph

Pedestrians in each frame are represented as nodes, and edges initially connect all pairs
of pedestrians. Instead of using only raw positions p! = (x!,yi), the model uses relative
motion (displacement) between consecutive frames, defined as oi = pi — p;'_l. This
helps normalise the scale of the scene and allows the graph to represent changes in
behaviour more effectively.

The node set is constructed from these displacements, V, = {0 | i =1,...,N},
and the initial edges are fully connected, U, = 1. Thus, the spatial graph at time ¢ is
formulated as Gsg = (V;, U;).

An attention mechanism is used to compute an initial spatial interaction score ma-
trix, which provides a rough estimate of how strongly each pair of pedestrians influ-
ences each other. First, the graph features are embedded via Eg = ¢ (Gs,Wg). These
embeddings are then linearly projected into query matrices Q = ¢(Es,Wp) and key
matrices K = ¢ (Es, Wg). Finally, the interaction score matrix Ryk is calculated using
scaled dot-product attention:

KT
Rk = Softmax 0 (3.29)
Vo

3.3.2 Adaptive Spatio-Temporal Interaction Module

This is the main contribution of the TRACE-Net paper. The|core concept of Adaptive
convolution is that, rather than sampling features from a fixed grid, the kernel can shift
to accommodate the pattern of interactions. Human interactions rarely follow strict pat-
terns, so an adaptive kernel is useful in modelling realistic interactions. TRACE-Net
builds on regular 3D deformable convolution by incorporating three asymmetric ker-
nels: 3x1x1,1x3x1,1x1 x3. We model temporal transitions, horizontal spatial
shifts, and vertical spatial shifts. As such, the model can learn interactions across di-
mensions without overfitting or mixing them up. The deformable offsets are predicted
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using tiny convolution layers and then each kernel is applied to features sampled from
shifted locations. The model can learn more complex spatial-temporal interactions by
stacking three layers of this module.

AP = Conv3D(Rgpk) (3.30)

P* = Px+AP (3.31)

Y(Q) =Y, W(Pk) Rox(Q+P") (3.32)
PxeR

R =8 (i (RG) + v (RED) + ys(RE) ) + RS (3.33)

Ast = Softmax ((o(R(jT)) +1) @RfT)) (3.34)

3.3.3 Graph Convolution and Feature Representation

With a refined spatial-temporal adjacency matrix, TRACE-Net uses a graph convo-
lution layer to produce the final representation of a trajectory. The graph convolution
updates the features of each pedestrian by aggregating information from its neighbours,
as defined by the learned adjacency matrix.

Hgsr = 6(Ast GsWsr) (3.35)

3.3.4 Competitive Attention Module

While the spatial-temporal fusion backbone certainly makes it possible to extract rich
representations with information about interactions, it necessarily mixes different pat-
terns of motion. Pedestrian motion is inherently multimodal; given a social context,
there are multiple possible motion outcomes.

To disentangle this mixture in a holistic manner, we propose a competitive attention
module. This decomposition breaks the feature fusion into distinct latent features,
called slots, that each have a specialisation in modelling a particular behavioral mode
or interaction context.

Specifically, given the spatial-temporal feature tensor Hgy produced by the graph
convolution (we will refer to it as A in the following for simplicity):

Hc RNXHXTXC

we initially compress the temporal dimension to extract localized, per-pedestrian fea-
ture embeddings:
X e RN xHxC

Following normalization, these embeddings are processed by the Competitive At-
tention module, which initializes a fixed number of learnable slot vectors sampled from
a standard distribution:

So ~ A (u,0)
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During each refinement iteration, cross-attention is calculated between the input
features and the latent slots:

A = Softmax <K(X3[Qd(S)T> (3.36)

Crucially, these attention coefficients are normalized over the input dimension, en-
forcing a strict competition among the slots to claim specific feature representations:

A= A

= (3.37)
TTYA;

The slots are subsequently updated via a weighted aggregation of the input features:
U=ATvV(X) (3.38)

To capture evolving dynamics, the slots undergo iterative refinement driven by a
Gated Recurrent Unit (GRU):

s+ = GRU(U, §") (3.39)

which is followed by a residual Multi-Layer Perceptron (MLP) for non-linear pro-
jection:
§'t1 = §' + MLP(LayerNorm(S')) (3.40)

Upon completing the iterative updates, the slots successfully encapsulate distinct,
disentangled facets of the interaction dynamics. To leverage this information holisti-
cally, the slot states are averaged to form a consolidated, global representation:

1 K
Sage = 2 2 Sk (3.41)
k=1

Finally, this aggregated context is broadcast and residually fused back into the
original spatial-temporal feature tensor:

H' = H+ Sy (3.42)

This iterative update explicitly fuses disentangled behavioral modes and social con-
text in the baseline feature space, thus enabling the downstream decoder to generate a
wide range of diverse, socially acceptable multimodal trajectories.

3.3.5 Attention-Gated Temporal Decoder

To predict future trajectories, TRACE-Net uses an Attention-Gated Temporal Convo-
lution Network. This module takes the slot-enhanced feature representation H' and
processes it across time, while a gating mechanism adjusts how much information

L] e should pass through at each time step. It outputs the parameters of a 2D Gaussian
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distribution for each future frame:
mean: 1 = (ky, fy,) (3.43)
standard deviation: o, = (G)it, G}I;J) (3.44)
correlation: pti (3.45)

3.3.6 Latin Hypercube Sampling

Most models rely on Monte Carlo sampling, which tends to produce clustered predic-
tions and ignores rare behaviours. TRACE-Net instead uses Latin Hypercube Sam-
pling (LHS), which forces samples to be spread across the entire distribution. The
sampled points are generated as:

1hs'9 — jtr
J m

(3.46)
These samples are then mapped to the standard normal distribution using the in-
verse Gaussian cumulative distribution function, ®~!. The covariance structure is ap-
plied using the Cholesky decomposition Es = LL” (and similarly P = LLT), yielding
the transformed variable Z = ®~!(LHS). The final diverse predicted trajectories are

computed as:
pi=0+LZ (3.47)

3.3.7 Training Using Negative Log-Likelihood

L e Since the model predicts Gaussian parameters, the loss function is the Negative Log-

Likelihood (NLL) of the ground truth trajectory under the predicted distribution. This
encourages the model to predict both accurate means and realistic uncertainty.

tpred . . . .
L(w)=— 3 logP(p;|fy, 6 p) (3.48)
t=tops+1
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CHAPTER 4

RESULTS AND DISCUSSION

4.1 Results of SWIFT-Net

We tested our model on the ETH and UCY pedestrian trajectory datasets, which cap-
ture real world |crowd behavior across five different scenes. These datasets include
annotated trajectories and reflect a variety of interaction patterns, from simple move-
ments to more crowded and complex situations. Following common practice, we use
8 time steps as input and predict the next 12, evaluating the model in a leave-one-out
setting.

We implement out model in PyTorch and trained using the Adam optimizer with
a learning rate of 0.01 and weight decay of 1e-4. We train the model for 150 epochs
with gradient clipping applied to stabilize training. We use a multi-step learning rate
scheduler to reduce the learning rate at predefined milestones.

The architecture of our model consists of a spatial-temporal graph convolution
backbone with learnable interaction graphs, followed by a temporal convolutional net-
work (TCN) for sequence prediction. We use an embedding dimension of 64 and stack
multiple temporal convolution layers to model future trajectories.

To capture multiple behaviour patterns, we include a slot attention module that
disentangles multiple modes of pedestrian motion. The model outputs multiple trajec-
tories (20 samples per agent), and training is done using a best-of-K style objective
that encourages at least one prediction to match the ground truth closely.

During evaluation, the predicted relative trajectories are converted to absolute co-
ordinates and compared against ground truth using standard metrics the Average Dis-
placement Error (ADE) and the Final Displacement Error (FDE)

Evaluating pedestrian trajectory prediction requires observing how models handle ex-
tended time horizons. As the prediction window expands from 4 to 24 frames, the in-
herent uncertainty of human movement naturally compounds, leading to an increase in
displacement errors across all models. Figure 4.1 demonstrates the ADE and FDE met-
rics under these extended horizons. We compare SWIFT-Net against leading baseline
architectures, including Social-STGCNN [26], SGCN [5], and WTGCN [34]. While
traditional models degrade rapidly as the horizon stretches, SWIFT-Net exhibits a sig-
nificantly slower rate of error accumulation. Even at ¢ = 24 frames, the model main-
tains an ADE of 0.43 meters and an EDE of 0.72 meters, substantially outperforming
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Table 4.1: Results of SWIFT-Net : ADE/FDE Metrics (in meters) of Our Implementa-
tions on ETH and UCY Datasets

Method HOTEL UNIV ZARA1 ZARA2
STGATI[39] 0.65/1.12 0.35/0.66 0.52/1.10 0.34/0.69 0.29/0.60
SR-LSTM[40] 0.63/1.25 0.37/0.74 0.51/1.10 0.41/0.90 0.32/0.70
Social-STGCNN|[26] 0.64/1.11 0.49/0.85 0.44/0.79 0.34/0.53 0.30/0.48
SGCNI[5] 0.63/1.03 0.49/0.85 0.44/0.79 0.34/0.53 0.30/0.48
GCHGATI[29] 0.63/1.10 0.38/0.73 0.55/1.16 0.33/0.66 0.30/0.64
Social-Implicit[23] 0.66/1.44 0.20/0.36 0.31/0.60 0.25/0.50 0.22/0.43
Tri-HGNNJ[28] 0.62/0.86 0.38/0.65 0.49/0.88 0.27/0.44 0.25/0.40
RDGCN][43] 0.58/0.94 0.30/0.45 0.35/0.65 0.28/0.48 0.25/0.44
STAGP[41] 0.65/1.21 0.41/0.73 0.38/0.68 0.28/0.46 0.25/0.44
SKGACN][42] 0.55/0.83 0.30/0.50 0.39/0.75 0.30/0.51 0.26/0.45
WTGCN[34] 0.60/0.95 0.25/0.37 0.36/0.65 0.27/0.46 0.23/0.39
SWIFT-Net(Ours) 0.36/0.57 0.24/0.45 0.25/0.43 0.18/0.31 0.16/0.29
Average Displacement Error, ADE Final Displacement Error, FDE
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Figure 4.1: Prediction error at different prediction times of the different methods on
the ETH/UCY datasets.

WTGCN. This stability highlights the advantage of our hierarchical wavelet decompo-
sition and adaptive fusion mechanisms, which successfully capture and sustain long-
range temporal dependencies without discarding critical interaction context.

4.2 Results of Trace-Net

To ensure robustness in the predictive ability of the proposed|architecture, we test the
model architecture on the popular ETH and UCY datasets of pedestrian trajectories.
These benchmarks consist of five different scenes, which exhibit a wide range of social
interactions from simple unidirectional linear motions to highly crowded and complex
interactions. Following standard evaluation procedures, 8 time steps are used to predict
the next 12 time steps, with a rigorous leave-one-out cross-validation protocol applied
across the five different scenes. The model is developed using the PyTorch library. The
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Table 4.2: Results of TRACE-Net : ADE/FDE Metrics (in meters) of Our Implemen-
tations on ETH and UCY Datasets.

Method ETH HOTEL UNIV ZARA1 ZARA2
STGAT([39] 0.65/1:12  0i35/0.66 0.52/1.10 0.34/0.69 0.29/0.60
SR-LSTM[40] 0.63/1.25 0.37/0.74 0.51/1.10 0.41/0.90 0.32/0.70
Social-STGCNNJ[26] 0.64/1.11 0.49/0.85 0.44/0.79 0.34/0.53 0.30/0.48
SGCNI5] 0.63/1.03 0.49/0.85 0.44/0.79 0.34/0.53 0.30/0.48
GCHGATI[29] 0.63/1.10 0.38/0.73 0.55/1.16 0.33/0.66 0.30/0.64
Social-Implicit[23] 0.66/1.44 0.20/0.36 0.31/0.60 0.25/0.50 0.22/0.43
Tri-HGNN[28] 0.62/0.86 0.38/0.65 0.49/0.88 0.27/0.44 0.25/0.40
RDGCNJ[43] 0.58/0.94 0.30/0.45 0.35/0.65 0.28/0.48 0.25/0.44
STAGP[41] 0.65/1.21 0.41/0.73 0.38/0.68 0.28/0.46 0.25/0.44
SKGACNI[42] 0.55/0.83 0.30/0.50 0.39/0.75 0.30/0.51 0.26/0.45
WTGCN][34] 0.60/0.95 0.25/0.37 0.36/0.65 0.27/0.46 0.23/0.39
TRACE-Net(Ours) 0.46/0.74 0.21/0.37 0.28/0.48 0.21/0.38 0.16/0.30
Average Displacement Error, ADE Final Displacement Error, FDE
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Figure 4.2: The average ADE and FDE curves on the ETH and UCY |datasets using
the different sampling methods at different sampling numbers

base model is built upon a spatial-temporal graph convolutional network with learnable
interaction graphs that is then fed to a Attention-Gated Temporal Decoder for sequence
prediction. The embedding dimension of the features is maintained at 64, and several
temporal convolution layers are applied to predict future. The network is trained for|100
epochs using Adam optimizer with an initial learning rate of 0.01 and weight decay of
1 x 10~4. To enhance the stability of the training process, gradient clipping is applied
and a multi-step learning rate scheduler is used to decrease the learning rate at specific
epochs. To explicitly tackle the multimodal nature of human movement, the model in-
cludes a Competitive Attention module, designed to separate different modes of human
movement. As a result, the model outputs 20 samples for each agent. A best-of-Kstyle
loss is used to train the model, ensuring that at least one of the predicted trajectories is
close to the ground truth.

At test time, all relative trajectories are transformed back to absolute coordinates. The
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- @ model’s performance is evaluated against ground truth data using two commonly used

metrics for trajectory prediction: Average Displacement Error (ADE) and Final Dis-
placement Error (FDE).

Effect of Latin Hypercube Sampling: To confirm the generative efficiency of the
proposed architecture, we perform an ablation study comparing our proposed Latin
Hypercube Sampling (LHS) strategy with conventional Monte Carlo (MC) and Quasi-
Monte Carlo (QMC) techniques. As shown in Fig. 4.2, while the error bounds ADE
and FDE of winner-takes-all objective decrease as the number of generated samples in-
creases, LHS consistently exhibits superior performance. In particular, LHS displays a
much faster decay in error for a reduced number of samples, and reaches a lower bound
in error. This experimental result motivates the inclusion of LHS in the TRACE-Net
pipeline to ensure multiple diverse predictions, without the computational burden of
large sample sizes.
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CHAPTER 5

CONCLUSION, FUTURE SCOPE AND SOCIAL IMPACT

5.1 Conclusion

In this work, we introduce SWIFT-Net, a multi-scale framework for pedestrian tra-
jectory prediction that models both spatial and temporal interactions. By combin-
ing graph-based interaction modeling with wavelet decomposition, the model is able
to capture patterns at different levels of |granularity. The jadaptive fusion mechanism
helps maintain a balance of spatial and temporal cues depending on the scene, while
the inclusion of slot attention allows the model to represent multiple possible modes
of human behavior. Unlike approaches that rely on sampling from a distribution,
our method directly predicts a set of candidate trajectories, making it both efficient
and interpretable. This paper also presents TRACE-Net, a multi-scale architecture
to overcome the rigidity of spatio-temporal modeling structures and achieve multi-
modal predictions in pedestrian trajectory forecasting. Through the use of an Adaptive
Spatio-Temporal Interaction Module, the framework adeptly models non-linear social
interactions via adaptive kernels. A Competitive Attention mechanism explicitly dis-
entangles latent motion modes, to generate diverse and socially acceptable trajectories.
Detailed experiments on ETH and UCY benchmarks show that TRACE-Net offers
a sound mathematical framework for multi-modal reasoning on crowded scenes. To-
gether, the proposed frameworks demonstrate the importance of multi-scale interaction
modeling, adaptive spatio-temporal reasoning, and explicit multimodal representation
for realistic pedestrian trajectory prediction. By addressing limitations in existing ap-
proaches related to rigid interaction modeling, limited contextual reasoning, and un-
certainty in future motion, this thesis contributes robust and interpretable approaches
for socially-aware trajectory forecasting in complex environments.

5.2 Future Scope

There are still several directions worth exploring. For example, some obstacles, fixed
landmarks or semantic maps could be added to the scene to make the trajectory con-
straints more accurate and enhance performance. Furthermore, the models would be
more useful in the real world, like autonomous navigation, intelligent surveillance, and
human-aware robotics, if they were adaptable to larger crowds, high-density scenes, or
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real-time deployment situations. Future work will also examine how the models can
be adapted online during inference, adding online learning components to the models.
There are several considerations for ongoing research, such as scalable multimodal
reasoning, modeling dynamic interactions, and more robust evaluation methods for
various trajectory prediction tasks.

5.3 Social Impact

Pedestrian trajectory prediction has many direct applications to human environment
intelligent systems. Understanding human movement is essential for enhancing the
safety and reliability of autonomous vehicles, particularly in complex or high-traffic
environments.The ability to accurately predict human movement can help to improve
the safety and reliability of autonomous vehicles, especially in complex or high-traffic
environments. Likewise, for service robots or assistive robotic systems in hospitals,
airports, shopping centres and other public areas, where it is important to understand
human motion to avoid collision and to behave naturally in human crowds, socially-
aware navigation is crucial. The objectives of the proposed frameworks in this thesis
are to help make intelligent systems safer and more adaptive to human systems. The
proposed approaches explicitly model social interaction dynamics, multi-scale crowd
dynamics and multimodal future behaviours and make an effort to capture the uncer-
tainty and variability in real-world human movement. This can be useful to enhance
decision making for applications in which the wrong trajectory prediction can result in
unsafe or inefficient behaviour.

In addition to autonomous navigation, pedestrian trajectory prediction also finds
application in intelligent surveillance, crowd management, urban planning and disas-
ter response. By analyzing crowd movement patterns, identifying unusual motion pat-
terns, and optimizing the layout of public infrastructure to enhance safety and accessi-
bility, predictive systems can help to improve the overall efficiency and effectiveness
of the system.

Meanwhile, the use of trajectory prediction systems needs to be responsible. Mod-
els built from smaller data sets might not be able to replicate performance in all set-
tings, in all cultures or in all crowd behaviours. Moreover, there are significant privacy,
surveillance, and ethical issues with large-scale monitoring systems. Future research
should not only prioritize further enhancing prediction accuracy and robustness but
also ensure fairness, transparency, privacy protection, and responsible deployment of
intelligent trajectory prediction systems in real-world scenarios.
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