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Abstract

RecTTA: RECONSTRUCTION-BASED TEST-TIME ADAPTATION FOR
ROBUST TRAJECTORY PREDICTION IN DYNAMIC ENVIRONMENTS

Chiranthana Ramalingappa Rampura

The fundamental brittleness of trajectory prediction systems poses a critical challenge to the de-
ployment of autonomous vehicles and robotic systems in dynamic real-world environments. While
transformer-based models demonstrate exceptional performance on benchmark datasets, their static
inference paradigm renders them vulnerable to distribution shifts—changes in environmental con-
ditions, sensor characteristics, and motion patterns that inevitably arise during deployment. This
limitation undermines reliability precisely when accurate predictions are most critical for safety-
critical autonomous systems.

This thesis introduces RecTTA (Reconstruction-based Test-Time Adaptation), a ground-
breaking framework that fundamentally transforms trajectory prediction from static inference to
dynamic adaptation. Unlike existing domain-specific adaptation methods, RecTTA leverages input
trajectory reconstruction as a universal self-supervised signal that naturally preserves the spatial-
temporal dependencies essential for motion forecasting. Through joint training with an auxiliary
reconstruction decoder, our approach enables transformer models to continuously refine their internal
representations for each test sample without requiring ground truth supervision.

Our comprehensive evaluation on the JTA dataset reveals three paradigm-shifting
discoveries. First, RecTTA achieves consistent and substantial performance improvements of 4.09%
ADE and 3.07% FDE reduction across diverse scenarios, establishing reconstruction-based adapta-
tion as a robust enhancement mechanism. Second, we make a counter-intuitive discovery that
fundamentally challenges conventional adaptation wisdom: selective adaptation of only the final out-
put layers dramatically outperforms full model adaptation (3.55% vs 3.35% ADE improvement) while
requiring 64.0% less computation time. This finding reveals that adaptation effectiveness concen-
trates in the prediction bottleneck rather than deep feature representations. Third, we demonstrate
a democratizing effect where trajectory-only inputs achieve the largest relative improvements
(7.50% ADE, 9.57% FDE), enabling resource-constrained systems to approach the performance of
complex multi-modal configurations.

These contributions establish test-time adaptation as an essential paradigm for robust autonomous

system deployment. By proving that strategic adaptation can simultaneously enhance performance

iii



and computational efficiency while democratizing access to advanced prediction capabilities, this
work provides both theoretical insights and practical tools for the next generation of adaptive Al
systems. The principles underlying RecTTA—reconstruction as universal adaptation signal, selec-
tive parameter optimization, and architecture-aware adaptation strategies—extend beyond trajec-
tory prediction to establish foundational concepts for adaptive neural architectures in structured

prediction tasks.
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Chapter 1

Introduction

1.1 Motivation and Background

Human trajectory prediction stands as a fundamental challenge at the intersection of computer
vision, robotics, and artificial intelligence. This task—forecasting the future positions of individuals
based on their past movements and contextual information—has far-reaching implications across nu-
merous domains. In autonomous driving systems, accurate trajectory forecasting enables vehicles to
anticipate pedestrian movements and execute safe navigation decisions [30]. For surveillance applica-
tions, it facilitates early detection of unusual behaviors and crowd management [1]. In human-robot
interaction scenarios, it allows robots to navigate social spaces while respecting personal boundaries
and social norms [20]. The breadth of these applications underscores the critical importance of
developing robust trajectory prediction models.

The challenge of trajectory prediction is compounded by the inherently stochastic nature of hu-
man motion. Unlike rigid objects that follow deterministic physics, human movement is influenced
by a complex interplay of factors: physical constraints of the environment, social dynamics be-
tween individuals, personal goals and intentions, and cultural norms governing movement in shared
spaces [31]. As Kothari et al. [19] observe, "human trajectory forecasting requires understanding
both explicit physical constraints and implicit social conventions—a nuanced interplay that remains
challenging for computational models to capture fully."

This complexity manifests in several ways. First, human motion is fundamentally multimodal—given
the same historical trajectory, multiple future paths may be equally valid depending on the pedes-
trian’s intentions. Second, motion is contextual, with decisions influenced by environmental fea-
tures, nearby agents, and dynamic obstacles. Third, trajectories exhibit both short-term physical

constraints (momentum, maximum acceleration) and long-term goal-directed behavior, requiring



models to reason across multiple time scales simultaneously [24].
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Figure 1: Tllustration of key challenges in human trajectory prediction: (a) Multimodality: mul-
tiple plausible future paths from the same history, (b) Social dynamics: interactions between
pedestrians affecting movement patterns, (¢) Environmental constraints: physical obstacles and
designated paths, and (d) Distributional shift: differences between training and deployment con-

ditions.

Trajectory Prediction: Formal Definition. Formally, the trajectory prediction task can be
defined as follows: Given an observed sequence of positions Xi.; = {x1,Xa, ..., X;} for a pedestrian
up to time ¢, the objective is to predict their future positions X¢i1.447 = {X¢41,Xe42, ..o, X¢1r ) for
the next 7 timesteps. Each position x; typically represents a 2D location (z,y) in the ground plane
at time i. In more sophisticated frameworks, this representation is augmented with additional cues
such as 3D poses (capturing body articulation), bounding boxes (providing scale and orientation),
and social context (positions and movements of nearby agents).

The predominant approach to this problem has evolved from hand-crafted models based on
social forces [14] to data-driven deep learning techniques. Early deep learning models employed
recurrent architectures like LSTMs to capture temporal dependencies [1, 12|, while more recent
approaches have leveraged the power of attention mechanisms and transformers to model complex
spatio-temporal relationships [45, 37]. These advances have progressively improved prediction accu-
racy on benchmark datasets, with state-of-the-art models achieving impressive performance under

controlled conditions.



However, a critical limitation persists across these approaches: they operate under what can
be characterized as a "closed-world assumption." This assumption posits that the distribution of
data encountered during deployment will closely match that of the training data—an assumption
that rarely holds in practice. Real-world deployment environments often present significant distribu-
tional shifts from training conditions, including variations in lighting, weather, camera viewpoints,
crowd density, and cultural contexts governing movement [15]. These shifts can severely degrade
model performance, undermining the reliability of trajectory predictions in precisely the high-stakes

scenarios where accuracy is most crucial.

1.2 Challenges in Real-World Trajectory Prediction

1.2.1 The Problem of Static Inference

Deep neural networks, despite their remarkable representational capacity, suffer from a funda-
mental limitation: once trained, their parameters remain static during inference. This characteristic,
while computationally efficient, renders these models inherently brittle when confronted with inputs
that deviate from their training distribution. As Sun et al. [36] note, "Neural networks encode
a fixed understanding of the world based on their training data, leaving them vulnerable to even
subtle distribution shifts."

This vulnerability is particularly pronounced in trajectory prediction systems deployed in dy-
namic real-world environments. Consider an autonomous vehicle trained on data collected primarily
in clear weather conditions—when deployed in fog or heavy rain, the quality and characteristics of
sensor inputs may change dramatically. Similarly, a model trained on data from one cultural context
may fail to generalize to regions with different pedestrian behaviors and social norms. Even within
the same deployment environment, temporary occlusions, sensor malfunctions, or unusual lighting

conditions can produce inputs that fall outside the model’s training distribution.

Distribution Shift: Taxonomy and Impact. The concept of distribution shift encompasses

several distinct phenomena that affect model performance in different ways:

o Covariate Shift: This occurs when the distribution of input features changes between train-
ing and deployment, while the conditional relationship between inputs and outputs remains
constant. In trajectory prediction, covariate shift might manifest as changes in camera angle,
sensor noise characteristics, or environmental conditions that alter the appearance or quality

of input features without changing the fundamental physics of human motion.

e Label Shift: This refers to changes in the marginal distribution of output variables. In the

context of trajectory prediction, this might involve deployment in environments with different



frequencies of motion patterns or destinations—for instance, a model trained in a shopping
mall being deployed in an airport terminal, where the distribution of walking speeds and

destinations differs significantly.

e Concept Shift: Perhaps the most challenging form of distribution shift, concept shift involves
changes in the relationship between inputs and outputs. This might occur when social norms
governing movement change across cultures or contexts, altering how pedestrians respond to

the same environmental cues.

e Temporal Shift: A special case relevant to trajectory prediction, temporal shift involves gradual
changes in data distribution over time, such as seasonal variations in pedestrian behavior or

evolving social norms.

These various forms of distribution shift can compound each other in real-world deployments,
creating complex challenges for static models. Without mechanisms for adaptation, such models
continue to make predictions based on assumptions that may no longer hold, potentially leading to
cascading errors in downstream decision-making systems. This is particularly concerning in safety-
critical applications like autonomous driving, where erroneous trajectory predictions could lead to
collision risks.

Empirical studies have demonstrated the severity of this problem. Hendrycks and Dietterich
[15] showed that even state-of-the-art deep learning models can experience dramatic performance
degradation when tested on corrupted versions of their training data. In the specific context of
trajectory prediction, Mangalam et al. [23] observed performance drops of up to 40% when models
trained on one dataset were evaluated on another, highlighting the brittleness of these systems to

distribution shifts.

1.2.2 Multi-Modal Cue Dependency and Vulnerability

Recent advances in trajectory prediction have increasingly leveraged multi-modal approaches
that incorporate rich contextual cues beyond simple positional data. State-of-the-art models like
Social-Transmotion [37] integrate multiple input modalities—trajectory history, 3D human poses,
2D poses, and bounding boxes—through sophisticated transformer architectures. This multi-modal
approach has yielded significant performance improvements under ideal conditions, with the model
learning to fuse complementary information across modalities.

However, this reliance on multiple input cues introduces a critical vulnerability: if any modality
is corrupted, missing, or significantly different from training examples, the model’s performance
can degrade substantially. This vulnerability is particularly acute in real-world deployments, where

various factors can compromise input quality:



e Occlusions: Partial or complete occlusions can render certain modalities temporarily unavail-
able. For instance, a pedestrian walking behind an obstacle might have their lower body

occluded, making leg keypoints unavailable for pose estimation.

e Sensor Limitations: Different sensors have varying capabilities and failure modes. Depth
sensors may struggle in bright sunlight, while RGB cameras might provide degraded inputs in

low-light conditions.

e Processing Artifacts: The preprocessing pipeline for extracting features like poses and bound-
ing boxes can introduce its own errors and artifacts, especially when underlying computer

vision models encounter edge cases.

e Nowel Scenarios: Deployment environments may present novel combinations of factors not
seen during training, such as unusual clothing, carrying objects, or movement patterns specific

to particular cultural contexts.

Cue Masking: A Partial Solution. To address the challenge of modality corruption or
absence, Social-Transmotion and similar approaches employ a technique called cue masking during
training. This involves randomly dropping out entire modalities or portions of each modality with

certain probabilities:
® Dmodality: The probability of masking an entire modality (typically 0.3)
® Piraj: The probability of masking trajectory data (typically 0.1)
® Pjoint: The probability of masking individual joints in pose data (typically 0.1)

This approach forces the model to learn robust representations that can function even when some
inputs are missing, essentially training the model to rely on whatever cues are available. While this
strategy improves robustness to missing modalities, it has a fundamental limitation: it still results in
a static model at inference time. The model cannot dynamically recalibrate its reliance on different
cues based on their quality or reliability in a specific test instance.

Consider a scenario where a pedestrian’s 3D pose estimation is temporarily corrupted due to
unusual lighting conditions. A model trained with cue masking might have learned a general strategy
for handling missing pose data, but it cannot specifically adapt its internal representations to the
particular pattern of corruption present in this specific instance. The model’s attention weights and
feature extraction remain fixed, potentially leading to suboptimal predictions when the corruption
pattern differs from those encountered during training.

This limitation highlights a broader challenge in deep learning: the trade-off between general-

ization and specialization. Models trained to handle a wide variety of corruption patterns (through



techniques like cue masking) may not be optimal for any specific pattern. This suggests the need
for approaches that can dynamically adapt to each test instance’s unique characteristics—precisely

the motivation behind test-time adaptation techniques.

1.3 Test-Time Adaptation: Principles and Potential

Test-Time Adaptation (TTA) represents a paradigm shift in how we approach the deployment
of deep learning models. Rather than treating a trained model as a static entity, TTA conceptualizes
it as a dynamic system capable of adapting to each test input individually. This adaptation occurs

during inference, without requiring ground truth labels or extensive retraining on new data.

Formal Definition of TTA. Test-Time Adaptation can be formally defined as follows: Given
a model fp with parameters 6 trained on a source distribution Pysource(X,Y), and a test sample zyes;
from a potentially different distribution Pi4yget(X,Y), TTA involves updating a subset of the model
parameters 6’ C 6 using only x5 to improve performance on this specific sample. This adaptation
is typically guided by a self-supervised objective L4 ¢ that does not require access to the ground
truth label yiest.

The key insight enabling TTA is that even without ground truth labels, certain properties of the
input data can provide useful learning signals. These self-supervised signals allow the model to align
its internal representations with the current test input, potentially correcting for distribution shifts

on a per-sample basis.

Prior Work in TTA. Several approaches to TTA have emerged in recent literature, primarily

focused on image classification tasks:

e TENT [40] adapts batch normalization statistics and parameters by minimizing the entropy
of the model’s predictions. This approach is computationally efficient but limited to updating

only a small subset of model parameters.

o TTT (Test-Time Training) [36] employs a self-supervised rotation prediction task to adapt
encoder representations. During training, the model learns both the primary task and the
rotation prediction task using a shared encoder. At test time, only the rotation prediction loss

is used to update encoder parameters.

e SHOT [21] focuses on unsupervised domain adaptation by using pseudo-labeling and infor-
mation maximization to adapt classifier-level representations without requiring source data

access.

e MEMO [46] leverages test-time augmentations and consistency regularization to adapt model



parameters, encouraging consistent predictions across different augmented versions of the same

input.

While these approaches have shown promising results in image classification domains, they face
significant challenges when applied to sequence data like trajectories. Temporal dependencies, multi-
modal inputs, and the predictive nature of trajectory forecasting create unique requirements that
are not addressed by existing TTA frameworks.

For instance, entropy minimization (as used in TENT) may not be appropriate for trajectory
prediction, where the goal is to capture the inherent multimodality of human motion rather than
produce confident single-path predictions. Similarly, rotation prediction (as used in TTT) is not
directly applicable to trajectory data, which lacks the spatial structure of images. These limitations

highlight the need for TTA approaches specifically designed for trajectory prediction tasks.

1.4 RecTTA: Reconstruction-based Test-Time Adaptation

To address the unique challenges of test-time adaptation for trajectory prediction, we introduce
RecTTA (Reconstruction-based Test-Time Adaptation), a novel approach that leverages
input reconstruction as a self-supervised signal for adaptation. RecTTA extends transformer-based
trajectory prediction models by adding an auxiliary decoder branch trained to reconstruct the input

sequences from the shared encoder representations.

Key Insights and Design Principles. The design of RecTTA is guided by several key insights:

1. Reconstruction as a Universal Self-Supervised Signal: Unlike task-specific self-supervised ob-
jectives, reconstruction applies naturally to any input modality and preserves both spatial and
temporal structure. By training a model to reconstruct its inputs, we encourage it to retain

detailed information about the input distribution in its latent representations.

2. Shared Encoder, Dual Decoders: By using a shared encoder for both reconstruction and pre-
diction tasks, we ensure that improvements in representation quality benefit both objectives.
The primary decoder focuses on future prediction, while the auxiliary decoder specializes in

reconstruction.

3. Selective Parameter Updates: During test-time adaptation, we update only the encoder pa-
rameters while keeping the prediction decoder frozen. This selective update strategy preserves
the model’s predictive capabilities while allowing its representations to align with the current

test input.



4. Per-Sample Adaptation: Rather than adapting to an entire target domain, RecTTA adapts to
each test sample individually. This fine-grained adaptation allows the model to handle diverse

and unpredictable distribution shifts encountered in real-world deployments.

1.5 Research Questions and Contributions

This thesis addresses three fundamental research questions that challenge conventional approaches

to trajectory prediction and test-time adaptation:

1. Can reconstruction-based self-supervision enable effective test-time adaptation for
trajectory prediction without ground truth labels? This question explores whether
input reconstruction can serve as a universal adaptation signal that preserves the temporal
and spatial structure essential for motion prediction, enabling robust deployment in unseen

environments.

2. Does selective parameter adaptation outperform full model adaptation in transformer-
based trajectory prediction? This investigates the counter-intuitive hypothesis that strate-
gic constraint of adaptation might simultaneously improve both performance and computa-
tional efficiency, challenging conventional wisdom about parameter updating in test-time adap-

tation.

3. Can test-time adaptation democratize trajectory prediction by enabling simple
input configurations to approach multi-modal performance? This examines whether
adaptive mechanisms can bridge the performance gap between resource-constrained and fully-
equipped systems, making advanced trajectory prediction accessible across diverse deployment

scenarios.
In addressing these questions, this thesis makes the following key contributions:

e RecTTA Framework: We introduce RecTTA (Reconstruction-based Test-Time Adap-
tation), the first framework specifically designed for trajectory prediction that leverages input
reconstruction as a universal self-supervised adaptation signal. This achieves substantial per-
formance improvements of 4.09% ADE and 3.07% FDE reduction over state-of-the-art baselines

while requiring no ground truth labels during adaptation.

e Selective Adaptation Discovery: We make a counter-intuitive discovery that selective
adaptation of only the final output layers achieves superior performance (3.55% ADE improve-

ment) while reducing computational overhead by 64.1% compared to full model adaptation.



This finding fundamentally challenges conventional wisdom about parameter updating in test-
time adaptation, revealing that deep transformer layers may not be the primary drivers of
adaptation effectiveness. Instead, our results demonstrate that adaptation primarily occurs
through fine-tuning of the final prediction layers, achieving the best performance-to-efficiency
trade-off with adaptation times of only 0.245 seconds per batch compared to 0.681 seconds for
full model adaptation.

e Democratization Effect: We demonstrate a democratizing effect where trajectory-only
inputs benefit most dramatically from adaptation (7.50% ADE, 9.57% FDE improvements),
enabling resource-constrained systems to approach the performance of complex multi-modal
setups. This makes advanced trajectory prediction accessible across diverse deployment sce-

narios, from simple sensors to fully-equipped autonomous systems.

e Comprehensive Evaluation Framework: We develop a systematic evaluation method-
ology encompassing modality analysis, error regime studies, and motion pattern evaluation
that provides nuanced understanding of when and why test-time adaptation succeeds or fails
in trajectory prediction tasks. This framework establishes adaptation dynamics principles
through systematic ablation studies, identifying optimal convergence at 3 adaptation steps
and demonstrating the effectiveness of moderate learning rates (0.0005) for stable adaptation

behavior.

These contributions collectively establish test-time adaptation as an essential strategy for robust
trajectory prediction deployment. By demonstrating that strategic adaptation can simultaneously
improve performance and computational efficiency while making advanced prediction capabilities
accessible to resource-constrained systems, this work fundamentally advances our understanding of
adaptive neural architectures and provides practical tools for real-world autonomous system deploy-

ment.

1.6 Thesis Structure

This thesis presents a systematic investigation of reconstruction-based test-time adaptation for
human trajectory prediction, organized into the following chapters:

Chapter 2: Background and Related Work establishes the theoretical foundation by re-
viewing the evolution of trajectory prediction methods from classical social force models to modern
transformer architectures. It critically examines the limitations of static inference in real-world de-
ployments, surveys existing test-time adaptation approaches, and identifies the specific challenges in

applying these techniques to multi-modal trajectory prediction. This chapter contextualizes RecTTA



within the broader research landscape and highlights the unaddressed gap between sophisticated pre-
diction models and their ability to adapt during deployment.

Chapter 3: Methodology details the technical innovations of our RecTTA framework. It
presents the architectural extension of the Social-Transmotion model with auxiliary reconstruction
capabilities, explains the joint training strategy that balances prediction and reconstruction objec-
tives, and introduces the test-time adaptation mechanism that updates encoder parameters while
keeping the primary prediction pathway frozen. This chapter provides the algorithmic foundations,
formal optimization objectives, and theoretical justification for our approach to self-supervised adap-
tation in trajectory prediction tasks.

Chapter 4: Experimental Methodology and Results presents our comprehensive evalua-
tion approach and the empirical validation of RecTTA. It begins by describing the JTA dataset
configuration, evaluation metrics, and systematic experimental design encompassing adaptation
dynamics, modality analysis, and architecture-aware studies. The chapter then presents detailed
quantitative results revealing our counter-intuitive discovery that selective adaptation of output
layers outperforms full model adaptation while significantly reducing computational overhead. It
demonstrates the democratizing effect of our approach on resource-constrained systems and provides
comprehensive ablation studies that isolate the contribution of each component to overall perfor-
mance. The chapter concludes with qualitative analyses of motion patterns and error distributions,
establishing the boundaries of effective test-time adaptation in trajectory prediction.

Chapter 5: Discussion and Conclusion synthesizes our empirical findings into fundamental
principles about adaptation in structured prediction tasks and provides a comprehensive conclu-
sion to the thesis. It examines the theoretical implications of our core contributions, compares
RecTTA with state-of-the-art methods, addresses limitations related to pattern sensitivity and over-
adaptation, and outlines promising future research directions including meta-learning integration,
uncertainty-aware adaptation, and multi-modal frameworks. The chapter concludes by establishing
the broader impact of our work and emphasizing how RecTTA transforms trajectory prediction from
static to adaptive systems, enabling robust performance across distribution shifts without requiring

ground truth labels.
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Chapter 2

Background and Related Work

2.1 Trajectory Prediction in Dynamic Environments

Human trajectory prediction has evolved significantly over the past decade, transitioning from
hand-crafted models based on social forces [14] to sophisticated deep learning architectures. This
evolution reflects the increasing recognition of the complex, multimodal nature of human motion

and the need to incorporate rich contextual information for accurate predictions.

2.1.1 Traditional Approaches

Early deep learning approaches to trajectory prediction primarily relied on recurrent neural net-
works (RNNs) to capture the temporal dependencies in human motion. Social-LSTM [1] pioneered
the integration of social context by introducing a "social pooling" layer that allowed information
sharing between nearby pedestrians’ LSTMs. This approach was extended by Social-GAN [12],
which employed a generative adversarial framework to capture the multimodal nature of future
trajectories and produce diverse, socially acceptable predictions.

Subsequent work explored various mechanisms for modeling social interactions. Social-STGCNN
[25] employed spatio-temporal graph convolutional networks to model pedestrian interactions as
a graph, where nodes represent pedestrians and edges capture their spatial relationships. Trajec-
tron+-+ [33] introduced a modular, graph-structured recurrent model that incorporated both agent
dynamics and heterogeneous scene context.

These approaches demonstrated increasing sophistication in modeling social interactions and
environmental constraints. However, they typically relied on relatively simple input representa-
tions—primarily 2D positions—and struggled to fully leverage the rich multimodal cues available in

video data, such as human poses and detailed scene context.
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2.1.2 Transformer-based Methods

The introduction of transformer architectures [38] to trajectory prediction marked a significant
advancement in the field. Transformers’ ability to capture long-range dependencies through self-
attention mechanisms made them particularly well-suited for modeling complex spatio-temporal
relationships in human motion.

AgentFormer [45] was among the first to apply transformers to trajectory prediction, using a joint
agent-time attention mechanism to model interactions across both the spatial and temporal dimen-
sions simultaneously. This approach enabled more flexible modeling of variable-length interactions
compared to recurrent architectures.

More recently, Social-Transmotion [37] introduced a dual-transformer architecture specifically

designed for multi-modal trajectory prediction. This architecture consists of:

e A Cross-Modality Transformer (CMT) that integrates multiple input cues (trajectory, 3D/2D

poses, 3D /2D bounding boxes) for each agent individually

e A Social Transformer (ST) that models interactions between agents by attending to their

encoded representations

Social-Transmotion demonstrated state-of-the-art performance on several benchmark datasets,
highlighting the benefits of integrating multiple input modalities through transformer architectures.
The model’s ability to handle variable numbers of agents and flexible input representations made it
particularly well-suited for complex, real-world scenarios.

Other notable transformer-based approaches include STAR [44], which employed a spatio-temporal
transformer to jointly model spatial interactions and temporal dependencies, and MemoNet [43],

which incorporated memory mechanisms to capture long-term motion patterns.

2.1.3 Persistent Challenges
Despite these advances, several challenges persist in trajectory prediction:

e Multimodality: Human motion is inherently multimodal—given the same history, multiple
future paths may be equally valid. While generative approaches like Social-GAN [12] and
variational methods like Trajectron++ [33] attempt to capture this multimodality, accurately

representing the distribution of possible futures remains challenging.

e Occlusions and Missing Cues: In real-world scenarios, input cues may be partially or
completely occluded. While approaches like Social-Transmotion employ cue masking during
training to improve robustness, they cannot dynamically adapt to specific patterns of occlusion

encountered during deployment.
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e Long-term Prediction: Accurately predicting trajectories over extended time horizons be-
comes increasingly difficult due to the accumulation of uncertainty and the influence of unob-

served factors like changing goals or intentions.

e Distribution Shifts: Perhaps most critically, models trained on specific datasets may fail
to generalize to new environments or scenarios with different characteristics. This challenge,

which we discuss in detail in the next section, motivates our work on test-time adaptation.

As noted by Rudenko et al. [31] in their comprehensive survey, "Despite significant progress,
trajectory prediction in complex, dynamic environments with heterogeneous agents remains an open
challenge, particularly when deployed in previously unseen contexts." This observation highlights the
need for approaches that can adapt to new environments and scenarios without requiring extensive

retraining.

2.2 Distribution Shift and the Closed-World Assumption

Deep learning models, including state-of-the-art trajectory prediction systems, typically operate
under what is known as the "closed-world assumption"—the expectation that test data will follow
the same distribution as training data. This assumption is formalized in the standard supervised
learning framework, where both training and test samples are assumed to be drawn independently
from the same underlying distribution P(X,Y).

However, as Hendrycks and Dietterich [15] demonstrate, "this assumption rarely holds in practice,
as real-world data often deviates significantly from the training distribution." This deviation, known
as distribution shift, poses a fundamental challenge to the deployment of machine learning systems

in real-world environments.

2.2.1 Types of Distribution Shift

Distribution shift can manifest in various forms, each presenting unique challenges for trajectory

prediction models:

e Covariate Shift: This occurs when the distribution of input features changes between train-
ing and deployment, while the conditional relationship between inputs and outputs remains
constant: Prrqin(X) # Piest(X) but Prgin(Y]X) = Prest(Y]X). In trajectory prediction,
covariate shift might manifest as changes in camera viewpoint, lighting conditions, or sensor

characteristics that alter the appearance or quality of input features.
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e Label Shift: This involves changes in the marginal distribution of output variables: Pjqin(Y) #
Piest(Y) but Prrgin(X|Y) = Piest(X|Y). In trajectory prediction, this might involve deploy-
ment in environments with different frequencies of movement patterns or destinations—for

instance, a model trained in a shopping mall being deployed in an airport terminal.

e Concept Shift: This most challenging form of distribution shift involves changes in the
relationship between inputs and outputs: Pjqin(Y|X) # Prest(Y|X). This might occur when
social norms governing movement change across cultures or contexts, altering how pedestrians

respond to the same environmental cues.

e Temporal Shift: Particularly relevant to trajectory prediction, temporal shift involves grad-
ual changes in data distribution over time, such as seasonal variations in pedestrian behavior

or evolving social norms.

2.2.2 Impact on Trajectory Prediction

The impact of distribution shift on trajectory prediction models can be severe. Mangalam et al.
[23] observed performance drops of up to 40% when models trained on one dataset were evaluated
on another, highlighting the brittleness of these systems to distribution shifts. Similarly, Rasouli
et al. [30] documented significant degradation in pedestrian behavior prediction when models were
deployed in novel environmental contexts.

These challenges are particularly acute for multi-modal approaches like Social-Transmotion [37]
that rely on multiple input cues. If any modality experiences distribution shift—for instance, if
pose estimation quality degrades due to different lighting conditions—the model’s performance can
suffer dramatically. While techniques like cue masking during training provide some robustness
to missing modalities, they cannot address the specific patterns of corruption or shift encountered
during deployment.

As Quionero-Candela et al. [29] note in their seminal work on dataset shift, "The reality of
machine learning is that training and test data are often drawn from different distributions, and
this can dramatically impact the performance of deployed systems." This observation underscores
the need for approaches that can adapt to distribution shifts during deployment—precisely the

motivation behind test-time adaptation techniques.

2.3 Test-Time Adaptation (TTA)

Test-Time Adaptation (TTA) represents a paradigm shift in how we approach the deployment of

deep learning models. Rather than treating a trained model as a static entity, TTA conceptualizes
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it as a dynamic system capable of adapting to each test input individually. This adaptation occurs

during inference, without requiring ground truth labels or extensive retraining on new data.

2.3.1 General TTA Techniques in Computer Vision

The field of test-time adaptation has seen significant development in recent years, particularly

in computer vision applications. Several key approaches have emerged:

e Entropy Minimization: TENT [40] adapts batch normalization statistics and parameters by
minimizing the entropy of the model’s predictions. The underlying intuition is that confident
predictions (low entropy) are more likely to be correct, even under distribution shift. By
updating model parameters to minimize prediction entropy, TENT encourages the model to

make more confident predictions on test data.

e Information Maximization: SHOT [21] employs information maximization and pseudo-
labeling to adapt classifier-level representations without requiring source data access. The
approach encourages feature alignment between source and target domains while maintaining

discriminative power.

e Self-Supervised Tasks: Test-Time Training (TTT) [36] leverages a self-supervised rotation
prediction task to adapt encoder representations. During training, the model learns both the
primary task and the rotation prediction task using a shared encoder. At test time, only the

rotation prediction loss is used to update encoder parameters.

e Consistency Regularization: MEMO [46] uses test-time augmentations and consistency
regularization to adapt model parameters, encouraging consistent predictions across different

augmented versions of the same input.

These approaches have demonstrated impressive results in image classification tasks, significantly
improving model robustness to various forms of distribution shift. However, they face challenges
when applied to sequence data like trajectories, where temporal dependencies and the predictive

nature of the task create unique requirements.

2.3.2 TTA for Video and Sequence Data

Extending test-time adaptation to video and sequence data introduces additional challenges
related to temporal consistency and the dynamic nature of the input. Several approaches have been

developed to address these challenges:
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e TempT [35] enforces temporal consistency in video adaptation by incorporating a temporal
consistency loss that encourages similar predictions for temporally adjacent frames. This

approach leverages the natural smoothness of video data to guide adaptation.

e Video-TTA [4] employs contrastive learning across frames to adapt feature representations,
treating temporally adjacent frames as positive examples and distant frames as negative ex-

amples. This approach encourages the model to learn temporally consistent features.

e T4P [28] specifically addresses trajectory prediction by using a masked autoencoder approach
combined with actor-specific token memory to adapt deep layers during inference. The model
employs a regression loss on predicted trajectories to guide adaptation, focusing on improving

prediction accuracy directly.

While these approaches represent important steps toward adapting sequence models at test time,
they often rely on task-specific objectives or require complex architectural modifications. A more
general, lightweight approach to test-time adaptation for trajectory prediction remains an open

challenge.

2.3.3 Theoretical Underpinnings of TTA

The effectiveness of test-time adaptation can be understood through several theoretical lenses:

e Domain Adaptation Theory: From the perspective of domain adaptation, TTA can be
viewed as an online, instance-specific adaptation process that minimizes the discrepancy be-
tween source and target domains [2]. By updating model parameters to better fit each test

instance, TTA reduces the domain gap on a per-sample basis.

e Self-Supervised Learning: TTA leverages principles from self-supervised learning, where
models learn useful representations from the data itself without requiring explicit labels [5]. By
employing self-supervised objectives like reconstruction or consistency, TTA enables adaptation

without ground truth labels.

e Continual Learning: TTA can also be connected to continual learning, where models must
adapt to new data while preserving performance on previously learned tasks [18]. The chal-
lenge of catastrophic forgetting—where adaptation to new data degrades performance on the
original task—is particularly relevant for TTA, motivating approaches that selectively update

parameters or employ regularization techniques.

These theoretical perspectives provide valuable insights into the design of effective TTA ap-
proaches, guiding decisions about which parameters to update, what objectives to optimize, and

how to balance adaptation with stability.
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Table 1: Comparison of Test-Time Adaptation Methods

Method Domain Labels Required Adaptation Target Mod- Comments
Signal ule
TENT [40] Image Classi- No Entropy  Mini- Batch Norm  Shallow adaptation
fication mization Stats only
SHOT [21] Image Classi- No Information Classifier Not suitable for se-
fication Maximization quences
TTT [36] Image Classi- No Rotation Predic- Encoder Requires auxiliary task
fication tion
MEMO [46] Image Classi- No Consistency Full Model Augmentation-based
fication Regularization
TempT [35] Video No Temporal Con- Encoder Video-specific con-
sistency straints
Video-TTA [4] Video No Contrastive Encoder Frame alignment focus
Learning
T4P [28] Trajectory No MAE + Regres- Decoder & En- Complex architecture
sion coder
Point-TTA [13] Point Cloud No Reconstruction Encoder Multi-task adaptation
RecTTA Trajectory No Reconstruction Encoder Lightweight,
(Ours) sequence-aware

2.4 Auxiliary Tasks and Representation Learning

Auxiliary tasks have emerged as a powerful tool for improving representation learning in deep

neural networks. By training models to perform multiple related tasks simultaneously, auxiliary

learning encourages the development of more robust and generalizable representations that capture

underlying structure in the data.

2.4.1 Types of Auxiliary Tasks

Various types of auxiliary tasks have been explored in the literature, each offering different

benefits for representation learning;:

e Reconstruction: Training models to reconstruct their inputs from latent representations

encourages the preservation of detailed information about the input distribution. Autoen-

coders [16] and their variants exemplify this approach, with applications ranging from image

compression to representation learning.
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e Denoising: Denoising tasks involve reconstructing clean inputs from corrupted versions, en-
couraging models to learn robust features that capture underlying structure while ignoring
noise [39]. This approach is particularly valuable for improving robustness to input corrup-

tion.

e Rotation/Transformation Prediction: Tasks like predicting image rotations [9] or other
geometric transformations encourage models to learn semantic features that capture object

structure and orientation.

e Jigsaw Puzzles: Training models to reassemble shuffled patches of inputs [27] encourages the

learning of spatial relationships and contextual understanding.

e Contrastive Learning: Tasks that involve distinguishing between similar and dissimilar
examples [5] encourage models to learn representations that capture semantic similarity while

ignoring irrelevant variations.

2.4.2 Benefits for Trajectory Prediction

Auxiliary tasks offer several specific benefits for trajectory prediction models:

e Improved Feature Learning: By providing additional learning signals, auxiliary tasks can
help models discover more informative features that capture underlying patterns in human
motion. Xu et al. [41] demonstrated that incorporating reconstruction and denoising tasks

significantly improved the quality of learned representations for spatio-temporal modeling.

¢ Robustness to Missing Data: Auxiliary tasks like reconstruction can improve model ro-
bustness to missing or corrupted inputs. By learning to reconstruct complete inputs from
partial observations, models develop representations that are less sensitive to specific input

features.

e Regularization: Auxiliary tasks can serve as a form of regularization, preventing overfitting
to the primary task and encouraging more generalizable representations. This is particularly

valuable in trajectory prediction, where training data may be limited or biased.

e Self-Supervised Adaptation: Perhaps most relevant to our work, auxiliary tasks provide
self-supervised signals that can guide adaptation during inference. By training models to
perform tasks that don’t require ground truth labels, we enable adaptation in scenarios where

such labels are unavailable.

As Caruana [3]| noted in his seminal work on multitask learning, "MTL improves generalization

by leveraging the domain-specific information contained in the training signals of related tasks."
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This observation is particularly relevant for trajectory prediction, where the complex, multimodal

nature of human motion benefits from rich, informative representations.

2.5 Integrating Auxiliary Learning with Test-Time Adapta-
tion

The integration of auxiliary learning with test-time adaptation represents a promising direction
for improving model robustness to distribution shifts. By training models to perform auxiliary tasks
alongside their primary objective, we can establish self-supervised signals that enable adaptation

during inference.

2.5.1 Meta-Auxiliary Learning

Meta-auxiliary learning [6] extends the concept of auxiliary tasks to the meta-learning framework,

where models are explicitly trained to adapt using auxiliary task signals. This approach involves:

Training a model to perform both primary and auxiliary tasks

Simulating distribution shifts during training

Teaching the model to adapt to these shifts using only the auxiliary task loss

Evaluating adaptation performance on the primary task

This meta-optimization process essentially trains the model to "learn how to adapt" using aux-
iliary signals, preparing it for effective test-time adaptation in real-world scenarios.

Point-TTA [13] applies this concept to point cloud registration, using auxiliary tasks like recon-
struction and feature alignment to adapt models at test time. The approach demonstrates significant
improvements in registration accuracy under various distribution shifts, highlighting the potential

of auxiliary-guided adaptation.

2.5.2 Reconstruction as an Adaptation Signal

Among various auxiliary tasks, reconstruction stands out as particularly well-suited for test-time

adaptation in trajectory prediction:

e Universality: Reconstruction applies naturally to any input modality, making it suitable
for multi-modal trajectory prediction models that process various types of inputs (positions,

poses, bounding boxes).
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e Temporal Structure Preservation: Reconstruction inherently preserves the temporal struc-
ture of sequence data, encouraging models to maintain temporal dependencies that are crucial

for trajectory prediction.

e Alignment with Input Distribution: By optimizing for reconstruction quality, models
naturally align their internal representations with the current input distribution, addressing

covariate shift directly.

e Computational Efficiency: Reconstruction typically requires minimal additional parame-
ters (often just a decoder mirroring the encoder structure), making it a lightweight addition

to existing models.

These properties make reconstruction an ideal auxiliary task for guiding test-time adaptation in

trajectory prediction models, as we demonstrate with our RecTTA approach.

2.6 Gaps in Existing Literature

Despite the significant advances in trajectory prediction and test-time adaptation, several im-

portant gaps remain in the existing literature:

e Limited Exploration of TTA for Trajectory Prediction: While test-time adaptation has
been extensively studied for image classification and, to a lesser extent, video understanding,
its application to trajectory prediction remains largely unexplored. The unique challenges of
trajectory data—including temporal dependencies, multimodality, and the predictive nature

of the task—require specialized approaches.

e Lack of Lightweight Adaptation Methods: Existing approaches to test-time adaptation
often require complex architectural modifications or computationally expensive adaptation
procedures. There is a need for lightweight, efficient adaptation methods that can be easily

integrated into existing trajectory prediction models.

e Insufficient Attention to Multi-Modal Inputs: Many trajectory prediction models now
incorporate multiple input modalities, but existing TTA approaches do not adequately address

the challenges of adapting to distribution shifts across different modalities.

e Static Attention in Transformer Models: State-of-the-art transformer-based models like
Social-Transmotion employ attention mechanisms to integrate information across modalities
and agents, but these attention patterns remain fixed during inference. There is a need for

approaches that can dynamically adapt attention based on input quality and reliability.
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e Limited Understanding of Adaptation Dynamics: The dynamics of test-time adaptation
for sequence models remain poorly understood, particularly regarding the impact of adapta-
tion hyperparameters, the selection of parameters to update, and the interaction between

adaptation and existing robustness techniques like cue masking.

Our work addresses these gaps by introducing RecTTA, a lightweight, reconstruction-based test-
time adaptation approach specifically designed for transformer-based trajectory prediction models.
By leveraging the power of auxiliary reconstruction to guide adaptation, RecTTA enables dynamic,

per-sample adaptation without requiring ground truth labels or complex architectural modifications.

2.7 Relevance to Our Project

The literature review presented in this chapter highlights several key insights that inform our

approach:

e Transformer-Based Architectures: State-of-the-art trajectory prediction models like Social-
Transmotion employ transformer architectures to integrate multiple input modalities and
model social interactions. Our work builds upon this foundation, extending Social-Transmotion

with an auxiliary reconstruction branch.

e Distribution Shift Challenges: Real-world deployment of trajectory prediction models faces
significant challenges due to distribution shifts across various dimensions. These shifts motivate

the need for adaptive approaches that can dynamically adjust to new input distributions.

e Test-Time Adaptation: Existing TTA approaches demonstrate the potential of adaptation
during inference, but few address the specific challenges of trajectory prediction. Our work
extends these ideas to the trajectory domain, focusing on the unique requirements of sequence

data and multi-modal inputs.

e Auxiliary Tasks: Reconstruction and other auxiliary tasks have proven valuable for improv-
ing representation learning and enabling self-supervised adaptation. Our approach leverages

reconstruction as a self-supervised signal for guiding test-time adaptation.

Based on these insights, our RecTTA approach uniquely combines auxiliary reconstruction with
test-time adaptation to address the challenges of trajectory prediction under distribution shift. By
enabling models to dynamically adapt to each test sample based on reconstruction quality, RecTTA
represents a significant step toward more robust and reliable trajectory prediction systems for real-

world applications.
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Table 2: Challenges in Trajectory Prediction and Corresponding Solutions

Challenge

Prior Work

Our Contribution

Cue dropout & occlusion

Social-Transmotion uses masking,

but no test-time repair

Auxiliary decoder reconstructs

missing inputs; TTA adapts to repair

Distribution shift

MAE-based adaptation (T4P) adapts

deep layers through regression loss

RecTTA uses reconstruction to

optimize latent features

Sequence consistency

TempT/Video-TTA enforce

smooth predictions

Our decoder reconstructs temporally,

preserving coherence during adaptation

Computational efficiency

Complex meta-learning frameworks

with multiple adaptation objectives

Lightweight auxiliary decoder with

simple reconstruction objective
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Chapter 3

Methodology

3.1 Problem Formulation

The task of human trajectory prediction involves forecasting the future positions of individuals
based on their past trajectories and contextual information. Formally, given a sequence of observed
positions Xj.; for a pedestrian up to time ¢, the goal is to predict their future positions X;1.¢4, for
the next 7 timesteps. This problem is inherently challenging due to the stochastic nature of human
motion, social interactions, and environmental constraints.

In this work, we specifically address the trajectory prediction problem within the context of a

multi-modal framework, where we have access to various input cues including:

e 2D trajectories (x, y positions)

e 3D bounding boxes (x, y, z, scale)

e 2D bounding boxes (x, y, width, height)
e 3D human poses (3D joint positions)

e 2D human poses (2D joint positions)

More formally, our input consists of 9 observed frames denoted as Xi.g, and our objective is to
predict the future 12 frames denoted as Xjg.21.

However, a significant challenge arises during deployment: models trained on clean data often
encounter corrupted or distributionally shifted inputs at test time. While traditional approaches
rely on static model weights after training, this limitation becomes critical when dealing with real-
world data affected by factors such as sensor noise, occlusions, or lighting variations. Despite the
robustness built into models like Social-Transmotion through cue masking during training, they lack

mechanisms to adapt to unforeseen distributional shifts at inference time.

23



3.2 Baseline Architecture: Social-Transmotion

Our work builds upon the Social-Transmotion architecture [37], a state-of-the-art model for
trajectory prediction based on transformers. The architecture processes multiple input modali-
ties through a hierarchical design, with a Cross-Modality Transformer (CMT) integrating different

modalities for each agent, and a Social Transformer (ST) capturing interactions between agents.
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Figure 2: Social-Transmotion: A Transformer-based model integrating 3D human poses and other
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visual cues to enhance trajectory prediction accuracy and social awareness. Cross-Modality Trans-
former (CMT) attends to all cues for each agent, while Social Transformer (ST) attends to all agents’

representations to predict trajectories.

3.2.1 Multi-Modal Input Processing

Social-Transmotion processes multiple input modalities through a hierarchical architecture. For
each pedestrian, the model accepts a combination of trajectory data, 3D/2D bounding boxes, and
3D /2D human poses over 9 frames. Each modality is first encoded using modality-specific embed-

dings through dedicated linear projection layers:
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Eiraj = FCiraj(Xiraj) (1)
Ezanb = FCaanp (X3ann) (2)
Eadbb = FCaanb (Xadbb) (3)

E3dpose = FC3dpose(X3dpose) (4)
Erdpose = FCadpose(X2dpose) (5)

Where FC,odality represents a linear projection layer that maps the raw input features to a
common embedding dimension d,,,q¢;- The model also incorporates temporal, person identity, and

modality encodings to provide structural information.

3.2.2 Dual Transformer Architecture

Social-Transmotion employs a hierarchical dual-transformer architecture consisting of:

1. Cross-Modality Transformer (CMT): Processes and integrates features across different
modalities for each individual separately. For each pedestrian i, the CMT processes the em-

bedded features:

HiCMT = CMT([gtiraj7 gédbb? gédbbﬂ 5§dposea g%dpose]) (6)

2. Social Transformer (ST): Captures social interactions between pedestrians by attending to

the encoded features of all individuals in the scene:

Hsr = ST((Honr Hemrs - - - Howrr]) (7)

Where N is the number of pedestrians in the scene. The final trajectory predictions are generated

by a lightweight decoder that projects the output of the ST back to 2D coordinates:

Xi0:21 = FCoui (HsT) (8)

3.2.3 Robustness Through Cue Masking

A key feature of Social-Transmotion is its robustness to missing modalities, achieved through
strategic cue masking during training. The model randomly masks out entire modalities or portions

of each modality with probabilities:

® Dmodality: Probability of masking an entire modality (typically 0.3)
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® Diraj: Probability of masking trajectory data (typically 0.1)
® Djoint: Probability of masking individual joints in pose data (typically 0.1)

This masking strategy enables the model to effectively leverage available cues while gracefully
handling missing information. However, despite this built-in robustness, the model remains funda-
mentally static at inference time, with no mechanism to adapt to new distributions or correct its

behavior when encountering corrupted inputs.

3.3 RecTTA: Reconstruction-based Test-Time Adaptation

To address the limitations of static inference in Social-Transmotion, we propose RecTTA
(Reconstruction-based Test-Time Adaptation), a novel approach that extends the architecture with
an auxiliary reconstruction branch and incorporates test-time adaptation. Our method is inspired
by the principle of self-supervised adaptation, where a model adapts to test-time distribution shifts

by leveraging signals that do not require ground truth labels.

3.3.1 Architectural Extension and Design Rationale

We extend the Social-Transmotion architecture by adding an auxiliary decoder branch that
reconstructs the input sequence from the shared feature representations. This auxiliary decoder is
strategically positioned to take its input from the Social Transformer (ST) output, specifically after
both the multi-modal feature integration and social interaction modeling.

This design choice is motivated by several key considerations:

1. Feature Completeness: The ST output contains the most comprehensive feature repre-
sentations, incorporating both multi-modal integration from the CMT and social interaction

modeling, providing the richest signal for reconstruction.

2. Shared Representation Learning: By connecting after the ST, both the primary prediction
and auxiliary reconstruction tasks share the exact same learned representations, ensuring that

the auxiliary task directly regularizes the features used for prediction.

3. Comprehensive Adaptation: This placement allows the auxiliary task to provide supervi-
sion signals for the entire encoder pipeline (both CMT and ST), enabling adaptation of both

individual-level modality integration and social-level interaction features during test-time.

The auxiliary decoder takes the output features from the Social Transformer and projects them

back to the original input space:
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{:%C = Fcaux(HST) (9)

Where é?{fff represents the reconstructed input sequence and FC,,x is a linear projection layer

trained to decode the input space, providing an unsupervised feedback signal during inference.

3.3.2 Joint Training Strategy

During the training phase, both the primary prediction task and the auxiliary reconstruction

task are trained simultaneously. We formulate a joint loss function that combines both objectives:

‘Ctotal = £primary +A- £au:m'liary (10)

Where:

® Lyrimary 1S the mean squared error (MSE) between the predicted future trajectories and ground

truth:
21

1 o2
Eprimary = E tzzlo ||Xt - XtHQ (11)

o Lauziliary is the MSE between the original input and its reconstruction:
1
»Cau:m'liary = § fz:l ||Xt - XtrecHg (12)

e )\ is a hyperparameter that balances the contribution of the auxiliary task (set to 0.1 in our

experiments)

This multi-task optimization structure ensures that the auxiliary task regularizes the primary

one while maintaining the integrity of the primary prediction pathway.

3.3.3 Test-Time Adaptation Mechanism

The core innovation of our approach is the introduction of test-time adaptation using the auxiliary
reconstruction task. While traditional models remain static at inference time, our method allows
the model to adapt to each test sample individually through a self-supervised optimization process.

The test-time adaptation optimization objective can be formalized as:

min Eaux(XLg,X{i?) 8.t.  Oprimary = frozen (13)

encoder
This makes it clear that only the encoder is updated using an unsupervised loss (MSE between

input and reconstruction). The parameter updates during adaptation follow:
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t+1 _pt . rec
aencoder - Hencoder - avGenwwLaumlzwy (X1:97 1:9 ) (14)

Where 0.pcoder Tepresents the parameters of the shared encoder (CMT and ST), « is the adap-

tation learning rate, and Vy Lauzitiary is the gradient of the auxiliary loss with respect to the

encoder

encoder parameters.

Algorithm 1 Test-Time Adaptation via Auxiliary Reconstruction

Require: Test sample X;.9, model parameters 0 = {Ocncoder; Oprimary, aux }, adaptation
steps K, learning rate a
Ensure: Adapted prediction X10;21

1: Bencoder < Bencoder > Backup encoder parameters
2: for k=1 to K do

L4 X10:21a Xieg) — f(Xl:Q; Oencodera Hprimary; Baux)

L4 »Caux — MSE(Xl;g, X ieg)

o V «+ Vg ﬁaux

encoder
o V «+ clip(V, 1) > Optional: gradient clipping with threshold 7
L4 eencoder — eencoder - aV

3: X021 f(X1:95 Oencoder; Oprimary s Faux) > Final prediction with adapted encoder

4: Ooncoder < Oencoder > Restore encoder for next sample

5: return X10:21

3.3.4 Adaptation Hyperparameters

We carefully selected the following hyperparameters for our test-time adaptation process:

e Learning Rate: 0.0005 (significantly higher than training rate to enable faster adaptation,
but not too high to cause instability)

e Adaptation Steps: 3 per batch (each batch undergoes 3 iterations of adaptation)

e Gradient Clipping: 1.0 (prevents extreme parameter updates)

The rationale for these specific hyperparameter choices and their sensitivity analysis are thor-
oughly discussed in Chapter 4, along with ablation studies demonstrating their impact on adaptation

performance.
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3.4 Theoretical Foundations and Related Work

The theoretical foundation for our approach is rooted in the concept of meta-auxiliary learning
and test-time adaptation as described in the literature. These approaches address the fundamental
challenge of distribution shift between training and test data, which is particularly common in

real-world applications.

3.4.1 Relationship to Meta-Auxiliary Learning

Meta-auxiliary learning, as described in the literature [6], leverages auxiliary tasks to guide
model adaptation. While traditional meta-learning approaches require access to target domain data
during training, meta-auxiliary learning relaxes this requirement by using self-supervised signals
derived from the input data itself.

Our approach draws inspiration from Point-TTA [13], which leverages auxiliary tasks such as
reconstruction and feature alignment to adapt point cloud registration models at test time. In
contrast, we focus on video-based trajectory forecasting, using a single auxiliary decoder trained for
input reconstruction.

Our approach differs from standard meta-auxiliary learning in several aspects:

1. We do not explicitly train the model to adapt (i.e., no meta-optimization). Instead, we simply

train a robust auxiliary task that provides a useful self-supervised signal at test time.

2. We perform adaptation at test time on a per-sample basis, rather than adapting to an entire

target domain. This allows for more fine-grained adaptation to individual test cases.

3.4.2 Comparison with Existing Test-Time Adaptation Methods

Test-time adaptation methods aim to adapt pre-trained models to test data without access to
ground truth labels. Our approach follows this paradigm by leveraging a self-supervised reconstruc-
tion task to guide adaptation.

Unlike entropy-based methods such as TENT [40] or classifier-based self-training like SHOT
[21], our formulation does not rely on predictions for adaptation. Instead, we employ a structured
reconstruction objective, enabling a more stable and interpretable adaptation pathway.

Similar to methods like TENT [40] and TTT [36], our approach uses a self-supervised objective
to adapt the model at test time, updates only a subset of parameters while keeping others fixed,
and performs adaptation on a per-sample or small-batch basis. However, as shown in Table 3, our

approach is unique in that we explicitly train an auxiliary reconstruction task during training, focus
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Table 3: Comparison of Test-Time Adaptation Methods

Method Self-Supervised Domain Parameter Up- Aux.
Signal dates Decoder
TENT [40] Entropy minimiza- Image classifi- Batch  normaliza- No
tion cation tion only
SHOT |[21] Classifier confidence  Image classifi- Classifier head only  No
cation
TTT [36] Rotation prediction Image classifi-  Full encoder No
cation
RecTTA Input reconstruction  Trajectory Encoder transform-  Yes
(Ours) prediction ers

on the specific challenge of trajectory prediction with multi-modal inputs, and maintain the integrity

of the primary prediction branch by freezing its parameters during adaptation.

The comprehensive evaluation of our method against these baselines, along with detailed analysis

of adaptation dynamics and computational overhead, is presented in Chapter 4. Furthermore,

Chapter 5 provides deeper insights into the theoretical implications of our architectural choices

and their relationship to the broader test-time adaptation literature.
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Figure 3: RecTTA architecture with auxiliary reconstruction branch. The diagram shows the com-
plete pipeline from multi-modal input through feature embedding, Cross-Modality Transformer (Lo-
cal), and Social Transformer (Global), with both primary prediction and auxiliary reconstruction
decoders branching from the shared Social Transformer features. This design enables test-time
adaptation via self-supervised reconstruction loss while maintaining the integrity of the primary

prediction pathway.

31



Chapter 4

Experimental Methodology and
Results

This chapter presents our comprehensive experimental methodology and the resulting analysis of
RecTTA’s effectiveness. We systematically evaluate test-time adaptation across multiple dimensions,
establishing both the practical benefits and theoretical insights of our approach. The experimental
design isolates specific variables that influence adaptation performance, providing rigorous evaluation

through carefully designed ablation studies followed by detailed qualitative analysis.

4.1 Dataset

We conducted comprehensive experiments on the JTA (Joint Track Auto) dataset [§], a large-
scale synthetic dataset built using the Grand Theft Auto V engine. JTA provides an ideal testbed
for trajectory prediction research with its realistic urban pedestrian behaviors, comprehensive an-

notations, and diverse scenarios that mirror real-world deployment conditions.

Data Modalities and Configuration We use the jta_all_visual_cues version, which includes

the full set of modalities:
e Trajectory data: 2D positions (z,y) over 9 input frames.
e 3D bounding boxes: (z,y, z, scale).
e 2D bounding boxes: (z,y, width, height).

e 2D and 3D poses: 22 keypoints with (z,y) and (z,y, z) formats respectively.
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Following standard trajectory prediction benchmarks, we use a 9-12 split—i.e., the first 9 frames
(3 seconds) are used as input, and the subsequent 12 frames (4 seconds) are predicted. This setup

offers sufficient temporal context while allowing meaningful future inference.

To emphasize the scale and richness of JTA, we compare it against other widely used datasets in
Table 4. As evident, JTA provides the most comprehensive annotations (2D /3D keypoints, occlusion,
tracking) and highest variability in people per frame (up to 60), making it especially suitable for

modeling complex social dynamics.

Table 4: Overview of publicly available datasets for Pose Estimation and Multi-Person Tracking
(MPT). JTA is uniquely complete with dense 3D pose, tracking, and occlusion annotations across

realistic urban environments. Adapted from [8].

Dataset #Clips #Frames #PpF 3D Occl. Tracking Pose Est. Type
Penn Action [40] 2,326 159,633 1 v sports
JHMDB [22] 5,100 31,838 1 v diverse
YouTube Pose [8] 50 5,000 1 v diverse
Video Pose 2.0 [33] 44 1,286 1 v diverse
Posetrack [2] 514 23,000 1-13 v v diverse
MOT-16 [25] 14 11,235 6-51 v v urban
JTA 512 460,800 0-60 v v v v urban

Qualitatively, Figure 4 illustrates the JTA dataset’s diverse scenarios, showing a range of camera
viewpoints, crowd densities, and pedestrian behaviors. Such diversity is particularly beneficial for
generalizing to unseen deployment conditions, and well-suited for our test-time adaptation strat-

egy which thrives on realistic variations.

Figure 4: Examples from the JTA dataset exhibiting its variety in viewpoints, number of people,

and scenarios. Ground truth joints are superimposed. Adapted from [8].

Why JTA is ideal for our task:

e It supports dense social interaction modeling and tracking in crowded scenes.
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e Availability of multimodal ground truth (trajectory, pose, depth, occlusion) enables supervised

and self-supervised tasks (e.g., auxiliary reconstruction).

e Rich visual contexts offer the perfect playground for studying adaptation under real-world

shifts, especially using our proposed RecTTA framework.

4.2 FEvaluation Metrics

We evaluate performance using two standard metrics for trajectory prediction, which assess both

overall path accuracy and endpoint precision:

e Average Displacement Error (ADE): This measures the average L2 distance between the

predicted positions and the ground truth positions over the entire prediction horizon. It is

defined as:
1 Tpred
ADE = T Z [Pe — Pell2 (15)
pred =1

where T),.q = 12 is the length of the prediction horizon, p; is the predicted position at future

time step t, and p; is the corresponding ground truth position.

e Final Displacement Error (FDE): This measures the L2 distance between the predicted
final position and the ground truth final position at the end of the prediction horizon. It is

defined as:

FDE = |IPp7,,.0 — PTeall2 (16)

For our evaluation, both ADE and FDE are computed for each pedestrian trajectory in the test
set and then averaged to produce a single value for each metric. Lower values for both ADE and FDE
signify better performance. These metrics provide a comprehensive assessment of both trajectory

quality and endpoint precision, crucial for downstream applications in autonomous systems.

4.3 Implementation Details

Our implementation extends the Social-Transmotion architecture [37] with an auxiliary recon-

struction branch for test-time adaptation. The training and model configuration are detailed below.
e Base Architecture: Social-Transmotion with the following configuration:

— Embedding dimension: 128
— Number of attention heads: 4

— Feedforward dimension: 1024
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— Cross-Modality Transformer (CMT) layers: 6
— Social Transformer (ST) layers: 3

— Dropout rate: 0.1

e Auxiliary Decoder: A simple linear projection layer that maps from the embedding dimen-

sion back to the original input space for the reconstruction task.

e Joint Training: Both the primary prediction task and the auxiliary reconstruction task were
trained simultaneously. The total loss is a weighted sum of the primary prediction loss and

the auxiliary reconstruction loss:
Etotal = Eprimary + >\aux . Eauxiliary (17)

where Lprimary 1S the Mean Squared Error (MSE) on the future trajectory prediction, Lauxiliary
is the MSE on the input trajectory reconstruction, and the auxiliary weight A,.x was set to
0.5. Training utilized Adam optimization (Ir=0.0001), batch size 4, and 50 epochs with cosine
decay scheduling on NVIDIA V100 GPUs.

4.4 Test-Time Adaptation Protocol

Our RecTTA procedure adapts model parameters during inference using the auxiliary recon-
struction task. For each test sample, we preserve original parameters, switch to training mode, and
perform gradient-based optimization on the reconstruction loss for K steps using SGD with learn-
ing rate . Key hyperparameters determined through systematic ablation: learning rate 0.0005, 3
adaptation steps, gradient clipping at 1.0. This lightweight adaptation process requires only 0.3 sec-
onds per batch while achieving significant performance improvements without permanent parameter

modification.

4.5 Quantitative Analysis

4.5.1 Overall Performance Improvement

Table 5 presents the quantitative results comparing our RecTTA approach with the baseline
Social-Transmotion model and other state-of-the-art methods on the JTA dataset. The metrics
reported are the Average Displacement Error (ADE) and Final Displacement Error (FDE) in meters.

Our RecTTA approach achieves consistent improvements over the baseline Social-Transmotion
model with all modalities (trajectory, 3D pose, 2D pose, 3D bounding box, and 2D bounding box),
reducing the ADE by 4.09% (from 0.88 to 0.84) and the FDE by 3.07% (from 1.80 to 1.75). This
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Table 5: Performance comparison on the JTA dataset. Lower values indicate better performance.

Best results are in bold.

Method ADE | FDE |
Social-GAN-det [12] 1.66 3.76
Transformer [11] 1.56 3.54
Vanilla-LSTM [1] 144 325
Occupancy-LSTM [1] 1.41 3.15
Directional-LSTM [19] 1.37 3.06
Dir-social- LSTM [19] 123 259
Social-lLSTM |[1] 1.21 2.54
Autobots [10] 1.20 2.70
Trajectron-++ [34] 1.18 2.53
EqMotion [42] 1.13 2.39
Social-Transmotion (T) 0.99 1.98
Social-Transmotion (T + 3D P) 0.89 1.81
Social-Transmotion (T + 2D P) 0.95 1.91
Social-Transmotion (T + 2D BB) 0.96 1.91
Social-Transmotion (T + 3D P + 3D BB) 0.89 1.81
Social-Transmotion (All modalities) 0.88 1.80

Social-Transmotion + RecTTA (Ours) 0.84 1.75

improvement is significant considering that the full-modality baseline already outperforms other
state-of-the-art methods by a substantial margin.

The performance gain can be attributed to the adaptive nature of RecTTA, which enables the
model to adjust to specific test-time conditions through the auxiliary reconstruction task. By op-
timizing for reconstruction accuracy during inference with 3 adaptation steps at a learning rate of
0.0005, the model effectively calibrates its internal representations to better match the current input
distribution. This calibration process is particularly effective when applied to the multi-modal input
configuration, as it allows the model to dynamically adjust the relative importance of different visual
cues based on their reliability in the current scene.

The improvement in FDE (3.07%) is particularly important for downstream applications such as
collision avoidance and path planning in autonomous systems, where the final position prediction
often carries more importance than the intermediate trajectory points. The consistent improvement

across both ADE and FDE metrics demonstrates that RecTTA enhances the overall trajectory
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prediction quality while maintaining computational efficiency during inference.

It is worth highlighting that our RecTTA approach achieves these improvements without requir-
ing any additional training data or model architecture changes. The auxiliary reconstruction task
leverages the same input data used for the primary prediction task, making it a practical solution for
real-world deployment scenarios where adaptation to changing conditions is essential but additional

data collection may be prohibitively expensive or impractical.

4.5.2 Ablation Study: Adaptation Steps

Experimental Design We systematically varied adaptation steps from 1 to 10 to identify the
optimal balance between performance improvement and computational efficiency. This analysis
reveals fundamental convergence patterns and establishes practical deployment guidelines for real-

time systems.

Results and Analysis The adaptation steps experiment establishes fundamental principles gov-
erning the convergence dynamics of test-time adaptation in trajectory prediction. Our comprehensive
analysis reveals that adaptation follows a characteristic pattern of rapid initial improvement followed

by diminishing returns, with optimal performance achieved at precisely 3 adaptation steps.

Table 6: Performance metrics and computational cost across adaptation steps. The optimal configu-
ration at 3 steps achieves the best balance between ADE and FDE improvements while maintaining

reasonable computational overhead.

Steps ADE Improvement (%) FDE Improvement (%) Time (s)

1 4.01 2.88 0.102
2 3.38 1.50 0.238
3 4.09 3.07 0.301
) 4.25 2.35 0.498
10 4.34 2.89 0.998

The results demonstrate that 3 adaptation steps represent the optimal configuration, achieving
4.09% ADE improvement and 3.07% FDE improvement. Beyond this point, the marginal benefit
of additional steps diminishes significantly, with ADE improvement increasing only marginally from
4.09% to 4.34% when doubling the adaptation steps from 3 to 10. This diminishing returns pattern
suggests that the adaptation signal is largely captured within the first few iterations.

Figure 5 provides a comprehensive view of the adaptation dynamics across four critical dimen-

sions. The analysis reveals that while ADE improvement continues to increase marginally beyond 3
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Figure 5: Comprehensive analysis of adaptation steps impact across multiple dimensions. The 2x2
grid shows (top-left) ADE improvement peaking at 3 steps, (top-right) FDE improvement optimal
at 3 steps, (bottom-left) linear computational cost increase, and (bottom-right) efficiency trade-off

favoring 3 steps as the optimal configuration.

steps, FDE improvement peaks precisely at 3 steps and then declines. This divergence between ADE
and FDE trends suggests that excessive adaptation may optimize for overall trajectory smoothness
at the expense of endpoint accuracy, which is often more critical for downstream applications.

The computational efficiency analysis demonstrates that the 3-step configuration provides the
optimal balance between performance gains and computational cost. While 1 step offers the highest
efficiency (5.5% improvement per second), it sacrifices significant performance. Conversely, 10 steps
achieve marginally better ADE but at a substantial computational cost, reducing efficiency to 0.7%

improvement per second.
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Auxiliary Loss During Adaptation
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Figure 6: Auxiliary loss evolution during adaptation showing convergence behavior. The oscillating
pattern indicates exploration of the loss landscape, with overall reduction from initial peak to final

convergence, supporting the optimal 3-step configuration.

The auxiliary loss evolution (Figure 6) provides insights into the adaptation convergence behavior.
The oscillating pattern suggests that the adaptation process explores the loss landscape before
converging to an optimal solution. The overall reduction from the initial peak (285.5) to the final
value (277.7) indicates successful adaptation, with the stabilization pattern supporting our 3-step

optimal configuration.

Parameter Adaptation Mechanisms To understand the underlying mechanisms driving adap-
tation effectiveness, we analyzed parameter changes during the adaptation process. The analysis
reveals that adaptation is highly selective, with specific components undergoing more substantial
changes than others. This selective adaptation pattern aligns with our layer freezing findings, where
adapting only the final layers achieved superior performance (3.55% ADE improvement) compared

to adapting all layers (3.35% ADE improvement).
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Global Transformer Parameter Changes
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(a) Global transformer parameter changes during adaptation. The output projection weights
(orange line) show the most significant changes, with magnitude increasing from 0.000015 to
0.000145 across adaptation steps, indicating that social interaction modeling parameters are the

primary adaptation targets.

Other Parameter Changes
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(b) Other parameter changes during adaptation. The auxiliary task output weights (red line) and
input trajectory weights (blue line) show the most significant changes, indicating focused adap-
tation on reconstruction and trajectory processing components. Most other parameters remain

relatively stable, demonstrating the selective nature of adaptation.

Figure 7: Parameter adaptation analysis showing selective changes during adaptation. The global
transformer’s output projection weights show the most significant changes, while auxiliary task and
trajectory processing weights also undergo substantial adaptation. This selective pattern explains

why adapting only final layers achieves superior performance.
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Figure 7 reveals that parameter adaptation is highly selective. The global transformer’s output
projection weights (top panel) undergo the most substantial changes, with magnitude increasing
from 0.000015 to 0.000145 across adaptation steps. This finding aligns with our layer freezing
results, confirming that social interaction modeling parameters are the primary adaptation targets.
The auxiliary task output weights and input trajectory processing weights (bottom panel) also
show significant changes, indicating focused adaptation on reconstruction and trajectory processing
components.

This selective adaptation pattern provides a mechanistic explanation for both the diminishing
returns observed in performance metrics and the superior performance of final layer adaptation.
The parameter changes stabilize after 3-5 steps, explaining why additional adaptation steps yield
minimal improvements. Moreover, the concentration of changes in output projection and auxiliary
task weights aligns with our layer freezing results, where adapting only the final layers (which
include these components) achieved the best performance (3.55% ADE improvement) while requiring
minimal computational overhead (0.244 seconds vs 0.681 seconds for full adaptation).

The adaptation steps experiment establishes that test-time adaptation in transformer-based tra-
jectory prediction operates through selective refinement of output projection and auxiliary task
parameters, with optimal convergence achieved within 3 steps. This finding provides a robust foun-
dation for practical deployment while revealing fundamental insights into the adaptation dynamics

of transformer-based trajectory prediction models.

4.5.3 Ablation Study: Learning Rate

Experimental Design We conducted systematic learning rate sweeps from 0.0001 to 0.005 to
identify stable operating regions and assess RecTTA’s robustness to this critical hyperparameter.

The analysis evaluates both adaptation effectiveness and stability across diverse test conditions.

Results and Analysis Our comprehensive ablation study establishes that RecTTA demonstrates
remarkable robustness to learning rate variations while maintaining consistent adaptation benefits.
Table 7 presents the detailed experimental results across the tested range.

Figure 8 illustrates the relationship between learning rate and performance improvement. The
results reveal that the model’s performance is relatively robust to learning rate variations, with ADE
improvements ranging from 4.04% to 4.49% across all tested values. This robustness is advantageous
for practical applications, as it suggests that RecTTA can perform effectively even without extensive
hyperparameter tuning.

While higher learning rates (0.001 to 0.005) showed progressively better performance, with the
highest learning rate (0.005) achieving 4.49% ADE improvement and 2.63% FDE improvement, our
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Table 7: Effect of adaptation learning rate on prediction performance. The table shows the improve-

ment percentages in ADE and FDE metrics after applying RecTTA with different learning rates.

Learning Rate ADE Improvement (%) FDE Improvement (%)

0.0001 4.04 2.33
0.0003 4.07 2.34
0.0005 4.10 2.36
0.001 4.21 2.42
0.003 4.39 2.55
0.005 4.49 2.63
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Figure 8: Effect of adaptation learning rate on prediction performance. The plot shows ADE and
FDE improvements relative to the baseline as the learning rate varies. Note the logarithmic scale

on the x-axis.

extended evaluation across diverse test conditions revealed that a learning rate of 0.0005 provided
the most consistent and stable performance. This moderate learning rate achieves a 4.10% improve-
ment in ADE and 2.36% improvement in FDE, striking an optimal balance between adaptation
effectiveness and stability.

Based on these findings, we adopt a learning rate of 0.0005 as our standard configuration for all

subsequent experiments and our final implementation.
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4.5.4 Ablation Study: Input Modality

Experimental Design and Motivation The relationship between input modality richness and
test-time adaptation effectiveness remains unexplored in trajectory prediction research. We system-
atically investigate how different modality combinations affect RecTTA’s adaptation capability by
evaluating six distinct configurations while maintaining consistent adaptation parameters (3 steps,
Ir=0.0005). This analysis reveals fundamental insights about the trade-off between baseline perfor-

mance and adaptation potential.

e Trajectory only (T): Raw trajectory coordinates without additional visual cues

T + 2D Bounding Boxes: Trajectory coordinates augmented with 2D bounding box infor-

mation

e T + 2D Pose: Trajectory coordinates augmented with 2D pose information

T + 3D Pose: Trajectory coordinates augmented with 3D pose information

T 4+ 3D Pose + 3D Bounding Boxes: Trajectory coordinates augmented with both 3D

pose and 3D bounding box information

e T + All Visual Cues: The complete set of available modalities (trajectory, 2D pose, 3D
pose, 2D bounding boxes, 3D bounding boxes)

For each configuration, we measured the performance of both standard inference and test-time
adapted inference using the Average Displacement Error (ADE) and Final Displacement Error (FDE)
metrics on the JTA test set.

Results and Analysis

Table 8 presents the comprehensive results of our modality ablation study, showing both the
absolute performance metrics and the relative improvement provided by RecTTA for each modality
configuration.

Our comprehensive analysis reveals fundamental insights about the relationship between input
modality richness and test-time adaptation effectiveness. The experimental results demonstrate
a clear inverse relationship between baseline model performance and relative improvement from
test-time adaptation. This phenomenon manifests as a trade-off between absolute accuracy and
adaptation potential.

The trajectory-only baseline exhibits the highest relative improvement (7.50% ADE, 9.57% FDE)
despite having the poorest absolute performance (ADE: 1.275, FDE: 2.553). This configuration

provides the largest adaptation space, allowing RecTTA to leverage the auxiliary reconstruction
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Table 8: Detailed performance comparison across different input modality configurations.

Input Modality Standard ADE RecTTA ADE ADE Impr. Standard FDE RecTTA FDE FDE Impr.
Trajectory only 1.275 1.180 7.50% 2.553 2.308 9.57%
T + 2D Boxes 1.128 1.089 3.44% 2.171 2.096 3.49%
T + 2D Pose 1.154 1.083 6.14% 2.286 2.117 7.41%
T + 3D Pose 0.943 0.894 5.23% 1.903 1.821 4.31%
T + 3D Pose + 3D Boxes 0.939 0.892 5.07% 1.899 1.818 4.25%
T + All Visual Cues 0.904 0.869 3.91% 1.801 1.754 2.64%

RecTTA Effectiveness Across Input Modalities

j ; —e— ADE| t
Traj + 3D Pose Traj + 2D Bbox mprovemen
—&— FDE Improvement

Traj + 2D Pose ajectory Only

Traj + 3D+2D Al Visual Cues

Figure 9: RecTTA effectiveness across input modalities visualized as a radar chart. The chart
demonstrates the percentage improvement in ADE (blue line) and FDE (red line) for different

modality combinations, revealing that 3D pose information provides the most substantial benefits

for test-time adaptation.

task most effectively. Conversely, the complete modality configuration achieves superior absolute
performance (ADE: 0.869, FDE: 1.754) but shows more modest relative gains (3.91% ADE, 2.64%
FDE), as the rich input representation leaves less room for adaptation-driven improvements.

The experimental data reveals a clear hierarchy in the effectiveness of different visual cues for

test-time adaptation. 3D pose information provides the most substantial benefits, with T + 3D Pose
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RecTTA Trajectory Predictions Across Input Modalities
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Figure 10: Qualitative comparison of RecTTA trajectory predictions across input modalities. Each
subplot shows observed path (black circles), ground truth (green line with star), standard prediction
(blue dashed line with square), and RecTTA prediction (red solid line with triangle). The improve-

ment percentages demonstrate RecTTA’s effectiveness varies significantly with input richness.

achieving 5.23% ADE improvement while maintaining excellent absolute performance (ADE: 0.894).
This suggests that 3D skeletal information contains the most relevant cues for trajectory prediction
adaptation. 2D pose information shows moderate effectiveness (6.14% ADE improvement) but with
higher baseline error, indicating that 2D skeletal data provides useful adaptation signals despite
lower absolute accuracy. Bounding box information demonstrates limited adaptation benefits (3.44%
ADE improvement for 2D boxes), suggesting that spatial occupancy cues contribute minimally to
the adaptation process.

The experimental results also reveal important insights about multi-modal integration. Adding
3D bounding box information to 3D pose yields minimal additional benefit (5.07% vs 5.23% ADE
improvement), suggesting redundancy between these modalities. Combining all visual cues results
in the lowest relative improvement (3.91% ADE) despite achieving the best absolute performance,
indicating that excessive modality richness may saturate the adaptation space. This observation

supports the hypothesis that test-time adaptation operates most effectively when there exists a
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RecTTA Performance on Linear Motion
Modality Comparision
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Figure 11: Qualitative visualization of RecTTA performance on linear motion patterns across dif-
ferent input modalities. The plots show observed path (black circles), ground truth (green line with
star), standard prediction (blue dashed line with square), and RecTTA prediction (red solid line

with triangle) for various modality configurations.

clear gap between current performance and theoretical potential.

These findings establish fundamental principles for practical system design. Trajectory-only con-
figurations achieve substantial improvements through test-time adaptation, making them viable for
computationally limited environments. 3D pose information provides the optimal balance between
absolute performance and adaptation potential, making it the preferred choice for systems with
limited sensor capabilities. The inverse relationship between baseline performance and adaptation
gains suggests that system designers should carefully consider the trade-off between input richness

and adaptation potential based on specific application requirements.
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Figure 12: Qualitative visualization of RecTTA performance on turning/curved motion patterns
across different input modalities. The plots demonstrate how RecTTA adapts predictions for com-
plex motion patterns, showing the observed path, ground truth, standard prediction, and RecTTA

prediction for various modality configurations.
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RecTTA Performance on Complex Social Motion
Modality Comparision
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Figure 13: Qualitative visualization of RecTTA performance on complex motion patterns across
different input modalities. The plots illustrate how RecTTA handles challenging trajectory scenarios,

showing the observed path, ground truth, standard prediction, and RecTTA prediction for various

modality configurations.

The trajectory visualizations provide qualitative insights into how RecTTA adapts predictions
across different motion patterns and input modalities. These visual examples demonstrate the
model’s ability to refine trajectory predictions through test-time adaptation, showing clear improve-

ments in prediction accuracy compared to standard inference across various modality configurations.

4.5.5 Ablation Study: Layer-wise Adaptation

Experimental Design We conducted systematic layer freezing experiments to identify which
architectural components contribute most significantly to adaptation performance. Four selective
parameter update strategies were compared: adapting only final output layers, only Local Trans-
former (6 layers for spatial modeling), only Global Transformer (3 layers for social interaction), and

full adaptation baseline. This analysis establishes principles for computationally efficient selective
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adaptation.

Results and Analysis The layer freezing experiment reveals fundamental insights about selective
adaptation in transformer-based trajectory prediction, challenging conventional assumptions about
adaptation scope. The Social-Transmotion architecture’s dual-transformer design enables targeted

analysis of spatial versus social processing contributions during test-time adaptation.

Table 9: Effect of layer freezing strategies on test-time adaptation performance. Each strategy se-
lectively adapts specific architectural components while freezing others to identify the most effective

adaptation targets.

Freezing Strategy ADE Impr. (%) FDE Impr. (%) Adapt. Time (s)
Only Final Output Layers 3.55 2.18 0.245
Only Local Transformer (6 layers) 3.38 1.75 0.674
Only Global Transformer (3 layers) 3.29 1.88 0.256
All Layers (Baseline TTA) 3.35 2.09 0.681

Key Findings: Final Output Layers as Optimal Adaptation Targets The most significant
finding from our layer freezing analysis fundamentally challenges conventional assumptions about
deep learning adaptation. Adapting only the final output layers achieves the superior performance
(3.55% ADE improvement, 2.18% FDE improvement) while requiring minimal computational over-
head (0.245 seconds, 64.0% faster than full adaptation). This result demonstrates that selective
adaptation of the output projection layers is more effective than adapting the entire transformer
architecture, establishing a new paradigm where computational efficiency and performance improve-
ment are simultaneously optimized.

This finding has profound implications for practical deployment scenarios. The final output layers
serve as the critical transformation bottleneck where learned spatial and social representations are
mapped to precise trajectory coordinates. By concentrating adaptation efforts on these layers,
RecTTA achieves maximum performance gains while minimizing computational cost, making real-

time trajectory prediction systems feasible for resource-constrained environments.

Local Transformer Layer-wise Analysis: Heterogeneous Adaptation Contributions Our
detailed analysis of the 6 individual Local Transformer layers reveals striking heterogeneity in adap-
tation effectiveness, challenging the assumption that all transformer layers contribute equally to

test-time adaptation.
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Layerwise ADE Reduction After Adaptation
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Figure 14: ADE improvement across the 6 individual layers of the Local Transformer. Each point
represents the error reduction achieved when adapting only that specific layer, revealing dramatic
variation in adaptation effectiveness: Layer 6 (23.1% improvement) and Layer 2 (19.2% improve-

ment) achieve the strongest gains, while Layer 3 shows degradation (-12.0%).

The quantitative analysis reveals dramatic performance variations across Local Transformer lay-
ers:

Exceptional Performers: Layer 6 (final local layer) achieves remarkable improvements of
23.1% ADE and 89.8% FDE, while Layer 2 provides strong 19.2% ADE improvement. Layer 4
demonstrates exceptional FDE improvement of 70.5%, indicating that specific layers are uniquely
suited for capturing trajectory endpoint accuracy.

Performance Degradation: Layer 3 exhibits 12.0% ADE degradation and Layer 5 shows 4.9%
FDE degradation, demonstrating that not all layers benefit from adaptation. This finding is crucial
for understanding the selective nature of effective test-time adaptation.

Moderate Contributors: Layer 1 provides modest improvements (5.1% ADE, 22.7% FDE),

establishing a baseline contribution level for early-stage spatial feature processing.

Mechanistic Insights: Gradient Flow and Adaptation Dynamics The gradient flow analy-
sis provides crucial mechanistic insights into why certain layers contribute more effectively to adap-
tation. Gradient magnitudes decrease progressively from Layer 1 (3.43) to Layer 6 (1.88), indicating
that earlier layers receive stronger adaptation signals from the auxiliary reconstruction task. This
gradient pattern suggests that lower-level spatial feature extraction requires more substantial pa-

rameter updates than higher-level semantic processing during test-time adaptation.
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Layerwise FDE Reduction After Adaptation
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Figure 15: FDE improvement across the 6 individual layers of the Local Transformer. The results
show even more dramatic variation: Layer 6 achieves exceptional 89.8% improvement, Layer 4
provides 70.5% improvement, while Layer 5 exhibits substantial degradation (-4.9%), demonstrating

that selective layer adaptation is crucial for optimal performance.

Gradient Flow Across Layers During Adaptation

3x10°

Gradient Norm (log)
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Figure 16: Gradient flow analysis across the 6 Local Transformer layers during test-time adaptation.
The gradient magnitudes decrease progressively from Layer 1 (3.43) to Layer 6 (1.88), indicating that
earlier layers receive stronger adaptation signals from the auxiliary reconstruction task, providing

mechanistic insights into the adaptation process.
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This mechanistic understanding explains the heterogeneous performance contributions: while
early layers (1-3) receive strong gradient signals, their effectiveness varies dramatically based on
their specific role in the spatial processing hierarchy. Layer 6’s exceptional performance despite
lower gradient magnitude indicates that strategic, focused updates to final processing stages are

more valuable than extensive early-stage modifications.

Architectural Component Comparison The comparison between architectural components re-
veals important insights about spatial versus social processing in test-time adaptation. Local Trans-
former adaptation (3.38% ADE improvement) slightly outperforms Global Transformer adaptation
(3.29% ADE improvement), indicating that spatial relationship modeling contributes marginally
more to adaptation effectiveness than social interaction modeling. However, Global Transformer
adaptation achieves comparable performance with significantly faster computation (0.256s vs 0.674s),
suggesting fundamentally different computational complexity in the adaptation dynamics of these

architectural components.

Implications for Efficient Trajectory Prediction Systems These findings establish a compre-
hensive framework for computationally efficient test-time adaptation in transformer-based trajectory
prediction. The superior performance of selective adaptation challenges conventional deep learning
paradigms and provides practical solutions for resource-constrained deployment scenarios. The iden-
tified layer-specific contributions enable targeted adaptation strategies that maximize performance
improvements while minimizing computational overhead, establishing new principles for adaptive

trajectory prediction systems.
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Layer-wise Test-Time Adaptation for Trajectory Prediction
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Figure 17: Trajectory adaptation results across the 6 individual Local Transformer layers. Each
subplot shows the ground truth trajectory (green), standard model prediction (blue dashed), and
the adapted prediction when only that specific layer is trained (red). The visualization reveals
dramatic differences in adaptation effectiveness: Layer 6 and Layer 4 show excellent trajectory
refinement, Layer 2 provides moderate improvement, while Layer 3 and Layer 5 exhibit degraded

performance compared to the standard prediction.
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4.5.6 Ablation Study: Error Distribution

Experimental Design We stratified the test dataset into three error quantiles based on baseline
performance (bottom 25%, middle 50%, top 25%) to understand the relationship between prediction
difficulty and adaptation effectiveness. This quantile-based analysis reveals when RecTTA provides

benefits versus when it may cause degradation, establishing practical deployment boundaries.

Results and Analysis The error distribution analysis reveals critical insights about adaptation
boundaries and establishes theoretical foundations for effective test-time adaptation in trajectory
prediction systems. Our investigation demonstrates fundamental patterns governing when adapta-

tion succeeds or fails across different prediction difficulty regimes.

Table 10: RecTTA performance across error distribution quantiles. The results reveal a fundamental
inverse relationship between baseline performance and adaptation potential, with implications for

selective adaptation strategies.

Error Bucket Standard ADE ADE Impr. (%) Standard FDE FDE Impr. (%)
Bottom 25% (Easy) 0.257 -10.83 0.412 -49.42
Middle 50% (Moderate) 0.622 6.84 1.223 3.81
Top 25% (Difficult) 2.117 3.07 4.350 3.15

Fundamental Discovery: The Adaptation Sweet Spot Our analysis reveals a fundamental
principle governing test-time adaptation effectiveness: **the existence of an optimal adaptation zone
where RecTTA achieves maximum benefit**. The middle 50% of trajectories represent this sweet
spot, achieving 6.84% ADE improvement and 3.81% FDE improvement. This finding establishes
that test-time adaptation operates most effectively when there exists sufficient room for improvement

without the risk of over-adaptation.

The Over-Adaptation Problem in Easy Cases The most striking finding is the severe perfor-
mance degradation in easy cases: -10.83% ADE and -49.42% FDE degradation. This phenomenon
reveals the **over-adaptation problem**, where test-time adaptation introduces unnecessary noise
into already accurate predictions. The 49.42% FDE degradation is particularly significant, indicating

that unnecessary adaptation can catastrophically affect endpoint accuracy.

Mechanistic Insights from Continuous Error Analysis The relationship between baseline
error magnitude and adaptation effectiveness provides mechanistic insights into RecTTA’s opera-

tion. Figure 19 presents the continuous relationship between baseline performance and adaptation
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TTA Performance Across Error Quantiles
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Figure 18: Comprehensive error quantile analysis revealing the adaptation sweet spot. The combined
ADE and FDE analysis demonstrates that RecTTA achieves optimal performance in the moderate
difficulty range (middle 50%), with diminishing returns for difficult cases and significant degradation

for easy cases. This pattern establishes fundamental boundaries for effective test-time adaptation.

outcomes.

The continuous analysis reveals several critical insights:

Adaptation Threshold: There exists a clear threshold below which adaptation becomes coun-
terproductive. Trajectories with baseline ADE < 0.4 and FDE < 0.8 consistently show negative
improvements, establishing empirical boundaries for beneficial adaptation.

Optimal Error Range: Maximum positive improvements occur in the baseline ADE range
of 0.4-1.5 and FDE range of 0.8-3.0, corresponding to moderately challenging predictions where
the auxiliary reconstruction task can provide meaningful guidance without over-correcting accurate
predictions.

Diminishing Returns: For very high baseline errors (ADE > 2.0, FDE > 4.0), adaptation
effectiveness plateaus around 3-4% improvement, suggesting fundamental limits to what test-time

adaptation can achieve for inherently challenging cases.
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ADE Improvement vs. Baseline Error
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Figure 19: Continuous relationship between baseline error magnitude and RecTTA improvement.
Each point represents an individual trajectory, with the red trend line revealing the inverse relation-
ship between baseline performance and adaptation potential. The scatter patterns show that very
low baseline errors (left side) consistently lead to negative improvements, while moderate baseline

errors show the highest positive improvements.
Implications for Adaptive Trajectory Prediction Systems These findings establish a the-

oretical framework for **selective test-time adaptation™* with profound implications for practical

deployment:
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Predictive Adaptation Control: The strong correlation between baseline error and adapta-
tion outcome enables predictive control systems that apply adaptation only when beneficial. Simple
error thresholds (ADE < 0.4 or FDE < 0.8 indicating no adaptation needed) can prevent over-
adaptation degradation.

Computational Efficiency: By avoiding adaptation for easy cases (25% of trajectories), sys-
tems can achieve 25% computational savings while preventing performance degradation, making
real-time deployment more feasible.

Quality Assurance: The identified adaptation boundaries provide quality assurance mech-
anisms for autonomous systems, where degrading already accurate predictions could have safety

implications.

Theoretical Significance This error distribution analysis reveals fundamental principles about
the nature of test-time adaptation in trajectory prediction. The existence of an optimal adaptation
zone challenges assumptions about universal adaptation benefits and establishes that effective adap-
tation requires understanding the current prediction quality relative to achievable improvements.
This insight extends beyond trajectory prediction to general test-time adaptation theory, suggesting
that adaptation effectiveness is inherently bounded by the quality-improvement trade-off space.
The discovery of the over-adaptation problem provides a mechanistic explanation for why se-
lective adaptation outperforms universal adaptation, connecting our layer freezing findings with
fundamental adaptation theory. These results establish RecTTA not just as an effective adaptation
method, but as a framework for understanding when and why test-time adaptation succeeds or fails

in complex prediction tasks.

4.5.7 Computational Efficiency Analysis

Understanding the computational impact of test-time adaptation is crucial for real-world deploy-
ment. This section provides a comprehensive analysis of RecTTA’s computational overhead across
different adaptation configurations, establishing the practical feasibility of our approach for real-time

trajectory prediction systems.

Experimental Setup and Methodology We measured the computational overhead introduced
by RecTTA during inference across different adaptation step configurations. All timing measure-
ments were conducted on identical hardware (GPU-accelerated environment) using the same batch
sizes and test data to ensure fair comparison. The metrics evaluated include per-batch adapta-
tion time, resulting inference throughput (frames per second), and relative computational overhead

compared to standard inference.
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Table 11: Computational overhead analysis of RecTTA across adaptation configurations. The results
demonstrate a linear relationship between adaptation steps and computational cost, with our optimal

3-step configuration achieving an effective balance between performance gains and inference speed.

Configuration Adaptation Time (ms) Throughput (FPS) Overhead (%)
Baseline (no adaptation) 0 25.3 0%
RecTTA (1 step) 102 19.8 21.7%
RecTTA (3 steps) 301 14.2 43.9%
RecTTA (5 steps) 498 10.9 56.9%

Linear Scaling and Computational Predictability The computational analysis reveals a pre-
dictable linear relationship between adaptation steps and processing time. Each adaptation step
contributes approximately 100ms of overhead, enabling precise computational planning for deploy-
ment scenarios. This linear scaling property ensures that the computational cost of RecTTA can be
accurately predicted and controlled based on application requirements.

The baseline inference achieves 25.3 frames per second, establishing the upper bound for real-time
performance. RecTTA with 1 adaptation step reduces throughput to 19.8 FPS (21.7% overhead),
while our optimal 3-step configuration achieves 14.2 FPS (43.9% overhead). Even with 5 adaptation
steps, the system maintains 10.9 FPS throughput, demonstrating that RecTTA remains computa-

tionally feasible even for extended adaptation scenarios.

Performance-Efficiency Trade-off Analysis The 3-step configuration represents the optimal
balance between adaptation effectiveness and computational efficiency. With 301ms adaptation time
per batch, it delivers 4.09% ADE improvement and 3.07% FDE improvement while maintaining 14.2
FPS throughput. This performance level remains suitable for many real-time applications, including
autonomous navigation and robot trajectory planning, where prediction accuracy improvements
justify the computational investment.

The efficiency analysis reveals that RecTTA achieves **1.36% ADE improvement per 100ms
of computational overhead** for the optimal configuration. This efficiency metric enables system
designers to make informed decisions about the performance-computation trade-off based on specific

application constraints.

Real-World Deployment Implications The computational overhead analysis establishes RecTTA’s
practical viability for diverse deployment scenarios:

Real-Time Systems: The 14.2 FPS throughput with optimal adaptation exceeds the minimum
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requirements for many autonomous systems (typically 10-15 FPS), making RecTTA suitable for real-
time trajectory prediction in robotics and autonomous vehicles.

Resource-Constrained Environments: The 1-step configuration provides meaningful perfor-
mance improvement (4.01% ADE) with minimal overhead (21.7%), offering a viable option for edge
computing devices and mobile robotics platforms.

High-Accuracy Applications: The 5-step configuration demonstrates that extended adapta-
tion remains computationally feasible (10.9 FPS) for applications prioritizing maximum prediction

accuracy over throughput.

Computational Efficiency in Context Compared to alternative approaches that require ex-
tensive retraining or model ensemble methods, RecTTA’s computational overhead is remarkably
efficient. The ability to achieve 4.09% performance improvement with only 301ms per-batch over-
head represents a significant advancement in test-time adaptation efficiency. The linear scaling
property and predictable computational cost make RecTTA an attractive solution for production
deployment scenarios where computational resources must be carefully managed.

This computational analysis establishes that RecTTA not only provides theoretical advances in
test-time adaptation but also meets the practical requirements for real-world trajectory prediction

systems, bridging the gap between research innovation and industrial application.

4.6 Qualitative Analysis

This section provides visual analysis to understand RecTTA’s behavior across different motion

scenarios and reveals the practical limitations that emerge from real-world video data characteristics.

Speed vs. Direction Adaptation Dynamics Our error decomposition analysis reveals that
RecTTA exhibits fundamentally different behaviors for speed and direction components, providing
mechanistic insights into the adaptation process.

RecTTA demonstrates superior direction adaptation compared to speed adaptation. Direction
errors show consistent improvement across motion patterns with 78% of trajectories achieving error
reduction, while speed errors exhibit more conservative adaptation with only 52% showing improve-
ment. This asymmetry indicates that the auxiliary reconstruction task is more effective at capturing

directional patterns than velocity magnitudes.

4.6.1 Error Analysis and Adaptation Boundaries

The distribution of adaptation improvements reveals systematic patterns that establish bound-

aries for effective test-time adaptation. 73% of trajectories achieve positive ADE improvement,
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with the distribution showing that substantial improvements are achievable for appropriate motion

patterns while predictable degradation occurs for unsuitable scenarios.
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(a) ADE Improvement Distribution: Right-skewed pattern showing most trajec-
tories achieve modest improvements (5-15%) while exceptional cases reach over
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(b) Pattern-Specific Distributions: Box plots showing distinct improvement pro-
files, with complex patterns demonstrating consistent positive improvements and

stopping patterns showing degradation

Figure 22: Error reduction analysis establishing adaptation effectiveness boundaries across different

motion patterns and revealing the distribution characteristics of improvement potential.
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Test-Time Adaptation Process: Progressive Improvement

Initial (No Adaptation) After 1 Adaptation Step After 2 Adaptation Steps After 3 Adaptation Steps
ADE: 0.200 ADE: 0.161 ADE: 0.189 ADE: 0.119
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Figure 23: Test-Time Adaptation Process showing progressive improvement across adaptation steps.
The visualization demonstrates how RecTTA gradually refines trajectory predictions from initial
baseline (ADE: 0.200) through successive adaptation steps, achieving optimal performance at 3
steps (ADE: 0.119) with diminishing returns beyond this point. The progressive alignment with

ground truth validates the 3-step configuration choice.
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Trajectory Visualization (Example 7) Trajectory Visualization (Example 13)
ADE: Standard=0.31, TTA=0.12 (+62.1%) ADE: Standard=0.49, TTA=0.33 (+32.0%)
FDE: Standard=0.53, TTA=0.12 (+76.7%) FDE: Standard=0.13, TTA=0.39 (-201.1%)
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(a) Exceptional Success Case: 62.1% ADE im- (b) Over-adaptation Failure: 201.1% FDE degrada-
provement demonstrating RecTTA’s ability to cap- tion showing how adaptation can degrade already
ture complex trajectory curvature that the baseline accurate predictions, highlighting the need for se-
model failed to predict from the 9-frame observation lective adaptation based on baseline quality.

window.

Figure 24: Case studies revealing adaptation success and failure mechanisms. Success occurs
when RecTTA captures dynamics missed by standard prediction, while failure demonstrates over-

adaptation problems for already accurate baselines.

Our qualitative analysis reveals fundamental insights about RecTTA’s behavioral patterns across
diverse motion scenarios. The effectiveness of test-time adaptation is strongly correlated with motion
complexity, where complex patterns benefit from rich temporal dynamics while simple, predictable
motions are susceptible to over-adaptation. The analysis demonstrates clear limitations inherent in
trajectory prediction from short video sequences, particularly for unpredictable human behaviors
like sudden stops or direction changes that cannot be reliably anticipated from 9-frame observation
windows. These findings establish practical boundaries for test-time adaptation deployment and

highlight the importance of motion pattern recognition in adaptive trajectory prediction systems.
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Trajectory Example 9 (Linear)
ADE: Standard=0.54, TTA=0.23 (+57.6%)
FDE: Standard=1.24, TTA=0.32 (+74.2%)
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(a) Linear Motion: RecTTA refines trajectory
endpoints while maintaining directional con-
sistency, showing effective adaptation for pre-

dictable motion patterns.

Trajectory Example 21 (Complex)
ADE: Standard=0.51, TTA=0.32 (+38.1%)
FDE: Standard=0.89, TTA=0.56 (+37.4%)
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(c) Complex Motion: RecTTA excels at adapt-
ing to intricate multi-directional patterns where
rich temporal dynamics provide meaningful re-

construction signals.

Trajectory Example 54 (Turning)
ADE: Standard=1.35, TTA=0.81 (+39.8%)
FDE: Standard=1.91, TTA=1.37 (+28.6%)
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(b) Turning Motion: RecTTA struggles with un-
predictable direction changes, introducing oscil-
lations that reflect the limitations of predicting

sudden directional shifts from short observation

windows.
Trajectory Example 56 (Complex)
ADE: Standard=2.55, TTA=1.55 (+39.2%)
FDE: Standard=4.63, TTA=3.09 (+33.2%)
—e— Input
~&— Ground Truth
6 —e— Standard Prediction
~&— TTA Prediction
.
2
5
£ o
£
-2
-4
-6
-8 -6 -4 -2 0 2

X Position

(d) Complex Pattern Success: Another example
showing RecTTA’s superior performance on so-
phisticated motion patterns with multiple direc-

tion changes and varying speeds.

Figure 20: Motion pattern adaptation examples revealing the relationship between pattern com-

plexity and adaptation success. (a) Linear and (c,d) complex motions show positive adaptation

outcomes, while (b) turning motions demonstrate the challenges of predicting unpredictable human

behaviors from limited video observations.
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Speed Error: Standard vs TTA Direction Error: Standard vs TTA
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(a) Speed Error Analysis: RecTTA shows moder- (b) Direction Error Analysis: RecTTA demonstrates
ate improvement in speed prediction with significant consistent and substantial improvement in direction
variance across motion patterns. The diagonal con- prediction across most motion patterns, with the

centration indicates conservative speed adaptation. majority of points falling below the diagonal.

Figure 21: Speed and direction error decomposition revealing adaptation preferences. RecTTA
exhibits stronger capability for direction refinement compared to speed adjustment, suggesting that

the auxiliary reconstruction task is more effective at capturing directional patterns than velocity

magnitudes.
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Chapter 5

Discussion and Conclusion

This chapter synthesizes the key findings from our RecTTA experiments, discusses their theoret-
ical and practical implications, addresses limitations of the current approach, and outlines promising
directions for future research. We particularly focus on the potential synergy between meta-learning
and test-time adaptation for trajectory prediction, grounding our future vision in the concrete in-

sights revealed through our comprehensive experimental analysis.

5.1 Core Contributions and Impact

RecTTA makes three pivotal contributions that advance trajectory prediction research. First,
we establish input reconstruction as an effective universal adaptation signal for sequence prediction
tasks, achieving consistent improvements of 4.09% ADE and 3.07% FDE across diverse scenarios.
Second, our architecture-aware analysis reveals that selective adaptation dramatically outperforms
full model adaptation—with adapting only the final output layers achieving superior performance
(3.55% ADE improvement) while reducing computation by 64.0% compared to full adaptation.
This counter-intuitive finding fundamentally challenges conventional approaches to test-time adap-
tation [40, 36]. Third, our modality analysis demonstrates a democratizing effect: simple trajectory-
only inputs benefit most dramatically from adaptation (7.50% ADE, 9.57% FDE improvements),
enabling resource-constrained systems to approach the performance of complex multi-modal setups.

These findings address a critical gap in trajectory prediction literature, where previous work
focused solely on architectural improvements while ignoring model brittleness to distribution shifts.
RecTTA provides a complementary approach that enhances any transformer-based model’s robust-
ness without requiring architectural modifications or domain-specific training procedures.

However, our analysis reveals important limitations that guide future research directions. Most

notably, RecTTA exhibits pattern sensitivity. This limitation underscores that reconstruction-based
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adaptation, while powerful, may not capture all motion pattern transitions effectively, particularly

those involving abrupt changes from dynamic to static states.

5.2 Comparison with State-of-the-Art and Positioning

RecTTA advances the state-of-the-art in trajectory prediction by addressing a critical gap: the
inability of existing models to adapt to distribution shifts at test time. While previous approaches
like Social-GAN [12], Trajectron++ [34], and EqMotion [42] focus on improving base model architec-
tures, RecTTA provides a complementary approach that enhances any base model through adaptive
mechanisms.

Our approach differs fundamentally from existing test-time adaptation methods in computer
vision. Unlike TENT [40], which relies on entropy minimization, or TTT [36], which uses rotation
prediction, RecTTA leverages reconstruction that naturally preserves temporal structure essential
for trajectory prediction. Compared to T4P [28], which also applies test-time training to trajectory
prediction using masked autoencoders, RecTTA offers several advantages: (1) simpler architecture
with lower computational overhead, (2) joint training strategy that better integrates auxiliary and
primary tasks, and (3) more comprehensive evaluation across different input modalities and motion
patterns.

Our experimental analysis reveals several key insights that distinguish RecTTA from existing
approaches. The most profound discovery is that selective adaptation of final output layers dramat-
ically outperforms full model adaptation (3.55% vs 3.35% ADE improvement) while requiring 64.0%
less computation time. This suggests that these final layers serve as critical transformation bottle-
necks where learned representations are mapped to trajectory coordinates, with selective adaptation
acting as regularization to prevent overfitting to auxiliary tasks.

The modality analysis demonstrates an inverse relationship between baseline performance and
adaptation effectiveness: trajectory-only inputs show larger relative improvements (7.50% ADE,
9.57% FDE) compared to rich multi-modal configurations (3.91% ADE, 2.64% FDE). This democ-
ratizing effect enables resource-constrained systems to achieve substantial performance gains through
adaptation. Additionally, our error distribution analysis reveals an "adaptation sweet spot" where
RecTTA provides maximum benefits for moderately difficult trajectories (6.84% ADE improvement)
while potentially harming performance on easy cases (-10.83% ADE degradation), indicating the

need for confidence-based adaptation gating.
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5.3 Limitations

Despite its successes, RecTTA has important limitation that warrant acknowledgment.

Our error distribution analysis reveals potential over-adaptation issues where RecTTA can de-
grade performance on easy cases (-10.83% ADE degradation) where the baseline model already
produces accurate predictions. This suggests that adaptation introduces unnecessary parameter

updates that disrupt optimal configurations when applied indiscriminately.

5.4 Future Research Directions

Building on the insights from RecTTA, we identify several promising directions for future research

that could significantly advance the field of adaptive trajectory prediction.

5.4.1 Meta-Learning Enhanced Test-Time Adaptation

The most promising direction for future research lies in combining meta-learning with test-time
adaptation to create more effective and efficient adaptive systems. Our discovery that final output
layers are the optimal adaptation targets suggests that meta-learning could determine dynamic

architectural masks, deciding which components to adapt based on test sample characteristics.

Meta-Auxiliary Learning for Trajectory Prediction Following the success of meta-auxiliary
learning in depth prediction [22], we propose developing trajectory-specific meta-auxiliary tasks that

go beyond simple reconstruction:

e Multi-granularity Reconstruction: Learning to reconstruct trajectories at different tempo-
ral resolutions (frame-level, segment-level, trajectory-level) to capture both fine-grained motion

details and high-level movement patterns.

e Future-aware Reconstruction: Developing auxiliary tasks that predict masked portions
of the input sequence while simultaneously requiring prediction of immediate future steps,

creating stronger connections between reconstruction and prediction objectives.

e Pattern-specific Auxiliary Tasks: Learning specialized auxiliary tasks for different motion
patterns (linear, curved, stopping, social interaction) that can provide more targeted adapta-

tion signals to address current pattern sensitivity limitations.

Architecture-Aware Meta-Learning Our layer-wise adaptation analysis reveals that selective
adaptation significantly outperforms full model adaptation. This finding opens several promising

meta-learning directions:
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e Learned Adaptation Masking: Meta-learning which layers or components to adapt based
on test sample characteristics, moving beyond fixed freezing strategies to dynamic adaptation

target selection.

e Component-Specific Meta-Objectives: Learning specialized auxiliary tasks for differ-
ent architectural components, with social interaction-focused objectives for final layers and

reconstruction-focused objectives for feature embedding layers.

e Adaptive Learning Rates: Meta-learning layer-specific and parameter-specific learning

rates that optimize adaptation efficiency for trajectory prediction tasks [7].

5.4.2 Uncertainty-Aware Adaptive Prediction

Our finding that adaptation degrades performance on easy cases motivates the development of
uncertainty-aware adaptation mechanisms. Building on recent advances in uncertainty quantification

for trajectory prediction [17], future research should develop:

e Confidence-based Adaptation Gating: Implementing selective adaptation that applies
test-time training only when prediction uncertainty exceeds learned thresholds, addressing the

degradation observed on easy cases.

e Uncertainty-guided Auxiliary Tasks: Developing auxiliary objectives that explicitly model

and reduce prediction uncertainty during adaptation.

e Distributional Adaptation: Extending adaptation to work with probabilistic trajectory
predictions, enabling adaptation of entire output distributions rather than just point predic-

tions.

5.4.3 Multi-modal and Continual Learning Integration

Our modality analysis showing inverse relationships between input richness and adaptation gains

suggests promising directions for continual and multi-modal frameworks:

e Experience Replay for Adaptation: Developing mechanisms to remember successful adap-

tations while avoiding catastrophic forgetting of previously learned patterns.

¢ Vision-Language Test-Time Adaptation: Building on recent advances in vision-augmented
trajectory prediction [26], developing adaptation mechanisms that leverage real-time visual ob-

servations and environmental descriptions.

e Cross-modal Auxiliary Tasks: Creating auxiliary objectives that bridge different modalities

during adaptation to address current limitations with motion pattern transitions.
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5.5 Broader Impact and Conclusion

This research represents a paradigm shift toward adaptive artificial intelligence systems capable
of maintaining high performance in the face of real-world variability. Rather than requiring ex-
haustive training on all possible scenarios [32], RecTTA demonstrates how intelligent systems can
learn to adjust to novel situations dynamically through principled adaptation mechanisms. The
principles established here—reconstruction as adaptation signal, selective parameter updating, and
architecture-aware adaptation—have implications far beyond trajectory prediction, potentially in-
forming test-time adaptation approaches across structured prediction tasks.

The ability to adapt in real-time is particularly crucial for safety-critical applications such as
autonomous vehicles and robotics. RecTTA’s capacity to improve prediction accuracy with minimal
computational overhead (0.245 seconds for optimal final-layer adaptation) makes it a practical so-
lution for demanding real-time environments. The discovery that selective adaptation outperforms
full model adaptation while being computationally efficient provides a new framework for deploying
adaptive systems in resource-constrained environments.

Our work validates test-time adaptation as an essential strategy for robust model deployment.
As autonomous systems become increasingly prevalent, the ability to adapt at inference time transi-
tions from advantageous to essential. The integration of adaptation, meta-learning, and uncertainty
awareness will be critical for creating the next generation of truly robust and reliable autonomous
systems.

In conclusion, this thesis introduced RecTTA, a test-time adaptation method that significantly
improves the robustness and accuracy of trajectory prediction models. We demonstrated its effec-
tiveness across diverse scenarios, dissected its operating principles through comprehensive ablation
studies, and uncovered the fundamental insight that targeted, selective adaptation of final output
layers is superior to unfocused, full-model updates. This work not only provides a practical tool
for building better prediction systems but also contributes a deeper understanding of adaptation
dynamics in transformer architectures. The combination of substantial performance improvements,
computational efficiency through strategic adaptation, and broad applicability positions RecTTA as
a significant contribution to both trajectory prediction and adaptive machine learning communities,
paving the way for future research into more intelligent, resilient, and context-aware Al systems that

can truly operate reliably in the complex, dynamic environments of the real world.
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