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Abstract

To address challenges such as aging populations and the automation of hazardous
tasks, Embodied AI, which develops agents equipped with physical bodies capa-
ble of interacting with the real world, has gained significant attention. Among its
applications, Vision-and-Language Navigation (VLN) stands out as a task involv-
ing navigation to a destination based on natural language instructions. While VLN
holds promise for applications such as household robots and autonomous driving,
existing tasks assume static environments, failing to adequately reflect dynamic
factors or long-term changes. Additionally, datasets capturing continuous changes
in urban environments remain insufficient. This study tackles the challenges of
improving environmental recognition and understanding and adapting to dynamic
environments in outdoor settings. Specifically, it develops a navigation method
that accurately recognizes landmark objects and constructs a dataset documenting
long-term street changes. Furthermore, it defines navigation tasks that account for
dynamic traffic and pedestrians and proposes methods enabling agents to adapt to
environmental changes.

Chapter 1 provides an overview of the background and positioning of VLN
and change recognition. It highlights the challenges of existing methods in han-
dling complex real-world environments and identifies the objectives and problems
this research aims to address, with a focus on overcoming the limitations of static
VLN models and their lack of adaptability to dynamic and long-term changes.
Chapter 2 proposes a VLN model that leverages landmark objects for outdoor
navigation tasks. By utilizing object information in the environment, the model
aims to improve the accuracy of navigation, addressing issues such as incorrect
decisions at turning and stopping points in existing methods. The effectiveness
of the proposed model is validated through evaluations on established benchmark
datasets. Chapter 3 focuses on the construction of a novel dataset to recognize
long-term changes in outdoor environments. This dataset records continuous and
long-term evolution in the environment and aims to overcome the limitations of
conventional static datasets. Additionally, this dataset supports multiple tasks,

such as change region segmentation and description. Chapter 4 extends existing
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VLN tasks by defining a new navigation task that considers dynamic factors like
traffic and weather. Methods are proposed to address these dynamic factors, en-
hancing the agent’s ability to adapt to real-time changes in the environment. The
effectiveness of the proposed methods is demonstrated through experiments con-
ducted in dynamic scenarios. Chapter 5 summarizes the outcomes of this study
and discusses the impact of the proposed methods and datasets on real-world nav-
igation and change recognition tasks. Future challenges and research directions

are also outlined.

11



Contents

1

Introduction 1
1.1 Background . . .. ... .. ... . .. .. .. .. ... ... 2
1.1.1 Current Progressin VLN . . . .. ... ... ..... 2
1.1.2 Challengesin VLN . . . .. ... ... ... ...... 4
1.2 Bridging the Gap: Objectives of This Study . . ... ... .. 6
1.3 Publication List . . . . .. ... ... ... 7
1.4 Structure of This Thesis . . . . . ... ... ... ... .... 7
Object-Aware Vision-and-Langauge Navigation 9
2.1 Introduction . . . . ... ... ... ... 9
22 RelatedWork . . .. ... .. 12
2.2.1 Vision-and-Language Navigation . . . . ... ... .. 12
2.2.2 Object-Aware VLN . . . . ... ... ... ... .... 13
2.3 Problem Definition for Vision-and-Language Navigation . . . 14
2.4 Preliminary Experiments: What do agents focus on when
navigating? . . ... ... 14
2.5 Proposed Method: Object-Attention Vision-and-Language Nav-
igation (OAVLN) . . . . . .. ... . .. 16
2.5.1 Instruction Encoder. . ... ............... 18
2.5.2 Panorama Encoder & Object Encoder . ... ... .. 18
2.5.3 Scene Text Filter & Scene Text Encoder. . . . . . . .. 18
254 Decoder . . .. ... 19
2.6 Experiments. . . . . . . . ... ... 20
2.6.1 Experimental Setup . .................. 20
2.6.2 Quantitative Results . . . . .. ... ... ... .... 21

i\%



2.6.3 Qualitative Results . . . . ... ... ... ....... 23
264 Analysis. . . ... . ... e 28
277 Conclusion . ... ... ... ... . .. ... ... 30

The STVchrono Dataset: Continuous Change Recognition in

Time 32
3.1 Imtroduction . . . .. ... ... ... . ... ... ... ... 34
32 Related Works . . ... ... ... . ... .. 36
3.2.1 Change Understanding Datasets . . . . . ... ... .. 36
3.2.2 Change Understanding Methods . . . ... ... ... 37
3.2.3 Image Sequence Recognition Datasets . . . . ... .. 37
3.2.4 Instance Segmentation Methods . . . . ... ... ... 38
3.3 The STVchrono Dataset . . . .. ... ............. 38
3.3.1 ImageCollection . ... ... .............. 40
3.3.2 Continual Change Captioning (Image Pair) . ... .. 42
3.3.3 Continual Change Captioning (Image Sequence) . .. 42
3.3.4 Change-Aware Sequential Instance Segmentation . . . 43
3.3.5 Dataset Statistics . . . . ... ... 45
34 Experiments . . . . . . . ... ... 46
35 Experiments . . . . . . . ... 48
3.5.1 BaselineMethods . .. ................. 48
3.5.2 Implementation Details . . ... ............ 49
353 PromptDesign . ... ............ . ..... 49
3.5.4 EvaluationMetrics . . . . .. ... ... L. 51
3.5.5 Results of Continual Change Captioning . . . . . . . . 51
3.5.6 Results of Change-Aware Sequential Instance Segmen-
tation . . ... ... 58
3.6 Conclusion . . .. ... ... ... ... 59
Dynamic Vision-and-Language Navigation 61
4.1 Introduction . . . . . ... .. ... 62
42 Related Works . . . ... ... ... o 65
4.2.1 Vision-and-Language Navigation Dataset . . . . . .. 65



4.2.2 Approach for Vision-and-Language Navigation . . . .
4.2.3 Large Language Model for Dataset Generation. . . . .
4.3 DynamicVLN Dataset . . . . ... ... ... .........
4.3.1 Task Definition . . . . ... ... ............
43.2 ScenarioDesign . . ........... ... ...
4.3.3 DatasetCollection . . ... ... ............
4.3.4 [Instruction Generation . . . . ... ...........
435 DataStatistics. . . . . . ...
4.4 Proposed Method: DynaVLN . . .. ... ... ........
44.1 ModelDetails . . . . ... ... ... ..........
442 LossFunction. .. ... .................
45 Experiments. . . . . . . . ..
4.5.1 Implementation Details . . .. ... ..........
45.2 BaselineModels . ... .................
453 Metrics . . . .. e
454 Results . ... ... ... ...
4.6 Conclusion . ... ...... ...

5 Conclusion
Acknowledgement

References

vi

84

86

87



List of Figures

1.1

2.1

2.2

2.3

24

2.5

An Example of Vision-and-Language Navigation Task. . . . .

Objects are important clues in outdoor VLN. Our Object-
Attention VLN model is designed to navigate using this in-
formation. At viewpoint (b), our agent seeks the ‘black iron
fence’ and turns right. Subsequently, it stops at the viewpoint
(c) because it has observed the ‘blue bikes.” . . ... ... ..
Example of visualization of the ORAR model on the Touch-
down dataset. The top of this figure is the instruction, and
the red text is the distribution of stop location, which ORAR
disregarded. Left: trajectory generated by ORAR vs. ground
truth. Right: Attention to each token from the instructions
during predicting actions. . . . . ... ... ... ...
Overview of the Object Attention VLN model. The model
takes multiple input modalities, including navigation instruc-
tions, panoramic features, object features, and scene text. Us-
ing these inputs, the model generates contextualized repre-
sentations of the agent’s state at each timestep, considering
prior actions, to make informed navigation decisions. . . . . .
Examples of incorrect turns by the baseline model. Left: tra-
jectory generated by ORAR. Right: trajectory generated by
the OAVLN model. . . . . . .. ... ... ... .. ......
Examples of incorrect stops by the baseline model. Left: tra-
jectory generated by ORAR. Right: trajectory generated by
the OAVLN model. . . . . . ... ... ... ... .......

Vil

3



2.6

2.7

2.8
29

Failure case where the OAVLN model stops one step away

fromthegoal. . . . ... ... .. ... .. ... .. ... ... 27
Failure case due to complex road conditions. Red arrow: cor-

rect path. Blue arrow: chosenpath. . . . ... ... ... ... 27
Failure case caused by confusing instructions. . . . . . .. .. 27

Changes in task completion rates when masking object to-
kens in instructions on the Touchdown dataset (seen scenarios). 28

2.10 Attention heatmap comparison between ORAR and OAVLN.

3.1
32
33
34

3.5

3.6

Red text on the x-axis represents object tokens. . . . . .. .. 29

Overview of the proposed STVchrono dataset. . . . . . . ... 33
Different change types contained in the STVchrono dataset. . 39
An example of continual change captioning (image pair) in

STVchrono . . . ... ... ... . ... . ... ..., 43
An example of continual change captioning (image Sequence)
inSTVchrono . . . . ... ... ... ... ... ........ 44

Two examples of image sequences (top) and their annota-
tions (bottom) for the change-aware sequential instance seg-
mentation task. Objects with consistent IDs share the same
segmentation mask colors within each sequence. . . ... .. 44
Wordcloud visualization of the continual change captioning
(image pair) task (left) and the continual change captioning

(image sequence) task (right) of the STVchrono dataset. . . . 46
3.7 Sentence length distribution of two continual change caption-

ing tasks of the STVchrono dataset. . . . . . .. ... ... .. 47
3.8 Distribution of the time deltas of the STVchrono dataset. . . . 47
3.9 Prompt design for OpenFlamingo (image pair). . . . ... .. 50
3.10 Prompt design for OpenFlamingo (image sequence). . . . . . 50
3.11 Prompt design for BLIP2 + GPT4. . . ... ... ... .... 51

3.12 Experimental results of the existing methods in continual change

captioning (image pair). Changes correctly retrieved are high-
lightedinblue. . ... ... ... ..... ... ........ 53

viil



3.13 Experimental results on dataset examples with different se-

3.14 Experimental results of the existing methods in continual change

quence lengths (image numbers). . . . ... ... ... ....

captioning (image Sequence). . . . . . . . . . . . ... .. ..

3.15 Examples of the change-aware sequential instance segmenta-

4.1

4.2

4.3

4.4

4.5

4.6

tion results (from top to bottom: input images; ground truth;
results from Mask2Former and CTVIS). Objects with the
consistent IDs share the same mask colors within each se-
QUENCE. . o v o v et e e e e e e e e e e e e

In traditional VLN tasks, agents predict actions based only on
instructions, without accounting for real-time environmental
changes. In Dynamic VLN tasks, however, agents must con-
sider both instructions and dynamic elements, such as mov-
ing vehicles. For example, although the instruction here di-
rects the agent to “turn right,” the agent must temporarily
stop to yield to an oncoming car, adapting its actions to avoid
apotential accident. . . . . ... ... oL
Example of a temporal stop under each dynamic element
types setting. . . . . .. ...
Pipeline of instruction generation for DynamicVLN. . . . . .
The Instruction Generator processes the route overview, ac-
tion list, and landmarks to generate an initial navigation in-
SLIUCHION. . . . . . . e e e
The Instruction Supervisor refines the initial instruction by
ensuring alignment with the simplified action list and cor-
recting any discrepancies. . . . . . . . .. ... ...
Distribution of Routes Based on the Number of Temporal
Stops. This figure shows the frequency of routes containing
different numbers of temporal stops, reflecting the complex-

54

55

ity and variability of dynamic scenarios in the collected dataset. 75

1X



4.7

Overview of the proposed DynaVLN model. At each decod-
ing timestep, the CLIP Vision Encoder processes the current
and previous images (T and T 1) to extract visual repre-
sentations of the environment. The Instruction Encoder en-
codes the navigation instructions to provide linguistic con-
text. The Dynamic Event Detector identifies dynamic ele-
ments, such as moving vehicles or pedestrians, in the visual
scene. These outputs, combined through a Multi-Head Cross
Attention mechanism, are used by the Action Predictor to
generate the next action (at), including temporal stops, ensur-
ing safe and effective navigation in dynamic environments.

76



List of Tables

2.1
2.2
2.3
2.4

3.1

3.2

3.3

3.4

3.5

3.6

3.7

4.1

Navigation results on Touchdown for the seen scenario.. 22

Navigation results on map2seq for the seen scenario. . . 22
Navigation results for the unseen scenario.. . . . . . . .. 23
Accuracy of Models at Stop and Turn Locations.. . . . . . 24

Comparision of the STVchrono against existing change de-
tection (top ten rows) and change description (four middle
rows)datasets.. . . . . ... ... 37
Annotation guidelines for the continual change captioning.41
Change description evaluation on continual change caption-

ing (image pair). . . . . .. . . . 52
Change description evaluation on continual change caption-
ing (image sequence). . . . . . . . . .. e, 54
Change description evaluation on continual change caption-
ing tasks using OpenFlaminga. . . . . ... ... ... ... 56
Change description evaluation on continual change caption-
ing tasks using BLIP2+GPT4.. . . . .. ... ... ..... 58

Evaluation on the change-aware sequential instance segmen-
tation task (SwinT-S, -L: swintransformer small, large).. . 58

Comparison of various Vision-and-Language Navigation datasets
highlighting environment type, data source, presence of dy-
namic elements, use of automatic annotation, and primary
taskfocus. . . . . ... . 66

Xi



4.2

4.3

In DynamicVLN, each dynamic element corresponds to spe-
ci c scenarios. The preferred action often involves a ‘tempo-
ral stop' or adjusting the original navigation action to ensure
safety and optimal performance. . . . . . .. ... ... .. 70
Quantitative results compari@RAR andDynaVLN on nav-
igation performance metrics. Higher TC and CLS scores in-
dicate better trajectory completion and coverage length, re-
spectively. Lower SPD, SED, nDTW, and sDTW scores in-
dicate better alignment with ground truth trajectories.. . . 82

Xii



Chapter 1
Introduction

The concept of Vision-and-Language Navigation (VLN\g task where intelligent
agents interpret natural language instructions to navigate real-world environments
 has become an essential focus within Embodied Al. As Al-driven automation
becomes more deeply integrated into daily life, VLN holds immense potential for
applications such as household assistance, autonomous delivery, and disaster re-
sponse. For instance, agents equipped with VLN capabilities can guide household
robots to speci c locations, direct autonomous vehicles through complex urban
environments, and assist search-and-rescue robots in interpreting mission-critical
instructions. However, real-world navigation presents fundamental challenges,
requiring agents to process multimodal inputs, handle ne-grained visual details,
and adapt to dynamic environments.

This chapter explores the background, current advancements, and fundamen-
tal challenges of VLN, highlighting its pivotal role within Embodied Al. Vision-
Language Models (VLMs) and Multimodal Large Language Models (MLLMSs)
serve as foundational technologies for VLN, enabling agents to align natural lan-
guage instructions with visual perceptions. Despite their success in controlled
settings, these models face signi cant challenges in three key areas: their lim-
ited sensitivity to ne-grained environmental details, the lack of datasets that ac-
count for long-term environmental changes, and their inability to adapt to dy-
namic, evolving environments. To bridge these gaps, this study focuses on three
core advancements to improve VLN adaptability and robustness. First, an object-



aware recognition method is introduced to enhance navigation accuracy by lever-
aging landmark objects along the route, ensuring more precise decision-making.
Second, a dataset capturing long-term environmental changes is developed, al-
lowing agents to recognize and adapt to evolving landscapes by understanding
temporal consistency across different time frames. Finally, a novel VLN task and
adaptive methods are proposed to equip agents with the ability to handle real-
time decision-making under dynamic conditions, incorporating multimodal cues
to navigate unpredictable environments involving moving traf ¢, pedestrians, and
varying weather conditions.

By addressing these aspects, this research aims to push the boundaries of VLN,
making it more robust and applicable to the complexities of real-world scenarios.

1.1 Background

Vision-and-Language Navigation (VLN) requires agents to follow language in-
structions to understand the environment and navigate through the environment.
This task lies at the intersection of natural language understanding, computer vi-
sion, and robotics, requiring agents to integrate linguistic instructions with visual
perception to navigate complex environments. Figudeshows an example of a
VLN task, allowing agents to navigate in the urban environment according to in-
structions. This integration makes VLN a unique and challenging task, especially
in real-world scenarios characterized by dynamic changes and diverse multimodal
inputs.

1.1.1 Current Progress in VLN

Over the past few years, Vision-and-Language Navigation (VLN) has made sig-
ni cant progress, primarily driven by advances in deep learning, multimodal mod-
eling, and the availability of benchmark datasets. Early VLN methods relied heav-
ily on rule-based systems<]| which used prede ned heuristics and handcrafted
features to interpret navigation instructions. Although these approaches offered
initial insights into aligning language and navigation, they were fundamentally



Figure 1.1 An Example of Vision-and-Language Navigation Task.

limited in their scalability and adaptability to diverse and unstructured environ-
ments P, 3, 4].

The introduction of deep learning models, particularly Transformers, signi -
cantly improved navigation performance by enhancing the alignment of language
and visual observations. Recent approaches leveraging Vision-Language Mod-
els (VLMs) and Multimodal Large Language Models (MLLMs) have greatly im-
proved agents' ability to align natural language instructions with visual obser-
vations. These models integrate sophisticated visual feature extractors, such as
convolutional neural networks (CNNsj][or vision transformers (ViTs)d], with
language encoders, enabling agents to interpret and execute complex instruc-
tions. For example, VLMs have demonstrated strong performance on benchmark
datasets such as Room-to-Room (R2R)\hich involves indoor navigation, and
TOUCHDOWN [2], which focuses on navigation in urban environments.

Regarding modeling techniques, attention mechanisims][have played a
crucial role in improving the alignment between linguistic instructions and vi-



sual perceptions. By selectively focusing on relevant visual or linguistic features,
attention-based models have enhanced agents' understanding of both the envi-
ronment and the task context. Additionally, reinforcement learning methojls [
have been employed to optimize sequential decision-making, allowing agents to
learn robust navigation policies through trial and error.

Despite these advancements, much of the progress has been con ned to static
or highly controlled environments. The focus on pre-de ned routes or instruc-
tions in datasets like R2R and TOUCHDOWN has helped standardize evaluation
protocols but often fails to re ect the complexities of real-world scenarios. For
instance, dynamic factors such as moving pedestrians, changing weather condi-
tions, or evolving traf ¢ patterns are typically absent in these datasets. Similarly,
while agents have shown improved generalization to unseen environments within
benchmark datasets, their adaptability to evolving or continuous environments re-
mains an open challenge.

Overall, the current trajectory of research in VLN highlights both the poten-
tial of deep learning-based methods and the pressing need for approaches that
can address real-world complexities. This gap forms the foundation for the re-
search presented in this study, which seeks to enhance navigation accuracy and
adaptability by leveraging object-level information and constructing datasets that
incorporate dynamic and long-term environmental changes.

1.1.2 Challengesin VLN

To bridge VLN technology into our real life, the transition from static to dy-
namic and evolving environments introduces several key challenges in Vision-
and-Language Navigation (VLN), which must be addressed to enable robust per-
formance in real-world scenarios:

* Limited Understanding of Fine-Grained Visual DetailsExisting VLMs
often overlook critical details in their environment, such as small but impor-
tant objects or subtle changes in object states. This lack of detailed under-
standing affects their ability to make precise decisions, such as determin-
ing accurate turning or stopping points during navigation. Moreover, many



current approaches rely on scene-level feature representations, which can
obscure important object-level details.

 Scarcity of Datasets for Modeling Long-Term Change®ost exist-
ing VLN datasets assume a static world where roads, buildings, and land-
marks remain unchanged. However, real-world environments are subject to
both short-term variations (e.g., moving vehicles, pedestrians, and dynamic
traf ¢ signals) and long-term transformations (e.g., urban development and
seasonal shifts). While short-term changes affect real-time decision-making,
long-term environmental changes challenge an ageability to recognize
familiar locations over extended periods. Current VLN models lack the
capability to recognize temporal consistency across different time frames,
leading to failures when navigating in long-term dynamic environments.

* Over-Reliance on Static Environment Setting®8eyond long-term en-
vironmental changes, real-world navigation also involves short-term dy-
namic factors such as moving vehicles, pedestrians, and changing traf c
signals. Current VLN models are often designed for environments with
prede ned, unchanging routes, limiting their applicability in real-world sce-
narios where navigation decisions must be made dynamically. Real-world
navigation requires agents to adapt in real-time to factors such as moving
vehicles, pedestrian activity, or sudden environmental changes, posing sig-
ni cant challenges for existing methods that lack robust adaptability.

Addressing these challenges is essential for advancing VLN beyond controlled
settings and enabling its deployment in real-world applications such as autonomous
driving, urban navigation, and disaster response. This study seeks to tackle these
issues through improved object-aware recognition, datasets capturing both dy-
namic and long-term environmental changes, and methods enabling real-time adapt-
ability to evolving conditions. To develop truly robust VLN systems, agents
must not only make real-time decisions in response to short-term environmental
changes but also retain memory of previously visited locations despite long-term
transformations. A robust VLN model should be capable of revisiting a route
after months or years and recognizing familiar landmarks, even when structural



modi cations have occurred. Addressing both short-term dynamics and long-term
adaptability is crucial for transitioning VLN from controlled experiments to prac-
tical deployment in real-world settings.

1.2 Bridging the Gap: Objectives of This Study

This study aims to bridge the gap between current VLN methods and the demands
of real-world, dynamic scenarios by addressing two key challenges: enhancing
object-aware recognition and improving adaptability to dynamic environments.

» Improving Fine-Grained Visual Understanding for Navigation This
study proposes a novel VLN method that leverages object-level information
to enhance navigation accuracy. By incorporating features of landmark ob-
jects along the route, the method signi cantly improves the agent's ability to
determine precise turning and stopping locations, leading to more accurate
navigation decisions. Unlike existing approaches, this object-aware method
directly addresses the need for ner-grained environmental understanding
during navigation and segmentation.

» Dataset for Long-Term Adaptability to Environmental Changes
To account for the evolving nature of real-world scenarios, this study in-
troduces a new dataset capturing long-term environmental changes, such as
street transformations and infrastructure development. This dataset allows
VLN agents to recognize locations even after months or years, despite mod-
i cations in the surrounding environment. By incorporating continuous and
evolving scenarios, it overcomes the limitations of existing static datasets
and offers a robust foundation for studying temporal consistency and long-
term scene understanding in navigation.

» Dataset and Method for Adapting to Dynamic, Short-Term Changes
in VLN This study de nes a novel VLN task designed to incorporate real-
time dynamic factors, including traf c ows, pedestrian movements, and
weather variations. In response to these challenges, new methods are de-
veloped to enable agents to adapt to real-time changes effectively. These

6



methods emphasize real-time decision-making and robust integration of vi-
sual and linguistic cues, ensuring safe and ef cient navigation in dynamic
environments.

1.3 Publication List

The publication list by the author and the related thesis chapters are as follows:

1. Yanjun Sun, Yue Qiu, Yoshimitsu Aoki, and Hirokatsu Kataoka. Outdoor
vision-and-language navigation needs object-level alignn@gmnsors\vol. 23,
No. 13, 2023 (Chapter 2)

2. Yanjun Sun, Yue Qiu, Yoshimitsu Aoki, and Hirokatsu Kataoka. Guided
by the way: The role of on-the-route objects and scene text in enhancing
outdoor navigation. IREEE International Conference on Robotics and
Automation (ICRA)pp. 5198-5204, 2024 (Chapter 2)

3. Yanjun Sun, Yue Qiu, Mariia Khan, Fumiya Matsuzawa, and Kenji Iwata.
The stvchrono dataset: Towards continuous change recognition in time. In
Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition (CVPR)p. 14111-14120, June 2024 (Chapter 3)

4. Yanjun Sun, Yue Qiu, and Yoshimitsu Aoki. Dynamicvin: Incorporating
dynamics into vision-and-language navigation scenafs@nsors\vol. 25,
No. 2, 2025 (Chapter 4)

1.4 Structure of This Thesis

Here is the structure of this thesis:

* Chapter 1 provides an overview of the background and positioning of VLN
and change recognition. It highlights the challenges of existing methods
in handling complex real-world environments and identi es the objectives
and problems this research aims to address, focusing on overcoming the



limitations of static VLN models and their lack of adaptability to dynamic
and long-term changes.

Chapter 2 proposes a VLN model that leverages landmark objects for out-
door navigation tasks. By utilizing object information in the environment,
the model aims to improve the accuracy of navigation, addressing issues
such as incorrect decisions at turning and stopping points in existing meth-
ods. The effectiveness of the proposed model is validated through evalua-
tions of established benchmark datasefs [.7].

Chapter 3 focuses on the construction of a novel dataset to recognize long-
term changes in outdoor environments. This dataset records continuous
and long-term evolution in the environment and aims to overcome the lim-
itations of conventional static datasets. Additionally, this dataset supports
multiple tasks, such as change region segmentation and descriptjon [

Chapter 4 extends existing VLN tasks by de ning a new navigation task that
considers dynamic factors like traf c and weather. Methods are proposed
to address these dynamic factors, enhancing the agent's ability to adapt to
real-time changes in the environment. The effectiveness of the proposed
methods is demonstrated through experiments conducted in dynamic sce-
narios [L4].

Chapter 5 summarizes the outcomes of this study and discusses the impact
of the proposed methods and datasets on real-world navigation and change
recognition tasks. Future challenges and research directions are also out-
lined.



Chapter 2

Object-Aware Vision-and-Langauge
Navigation

This chapter addresses the challenge of improving navigation accuracy in Vision-
and-Language Navigation (VLN), particularly in complex environments, as dis-
cussed in Chapter 1. An overview of the VLN task is provided, followed by a
review of existing works in this eld, highlighting their limitations, particularly

the lack of focus on object-level information. This oversight often results in navi-
gation failures, such as incorrect turns or stops, especially in complex outdoor en-
vironments. To overcome these limitations, the Object-Attention VLN (OAVLN)
model is introduced, which enhances navigation accuracy by incorporating ob-
ject features from the environment. By aligning object-level cues with natural
language instructions, OAVLN enables agents to make more precise decisions
during navigation. Extensive experiments demonstrate that OAVLN signi cantly
outperforms existing methods in both seen and unseen scenarios.

2.1 Introduction

Enabling robots to navigate real-world environments using natural language in-
structions is a long-standing goal in Al research. Vision-and-Language Naviga-
tion (VLN) tasks aim to achieve this by requiring an agent to interpret linguis-

tic commands, align them with visual perceptions of the environment, and reason



about spatial relations to execute actions that guide it to a destination.p, 16].

This process involves understanding instructions, grounding them in observable
environments, tracking the agent's position relative to objects, and dynamically
adjusting actions to ensure successful navigation.

Recent advancements in outdoor VLN models have predominantly relied on
encoder-decoder frameworks that combine instruction and panoramic visual fea-
tures to predict navigation actions [3, 4, 8, 17]. However, these approaches often
fail to fully leverage object-level information from the environment. A closer ex-
amination of generated paths reveals that such models tend to neglect key objects
or landmarks referenced in the instructions, which are crucial for human-like nav-
igation. This oversight frequently leads to navigation errors, such as turning or
stopping at incorrect locations, thereby hindering their applicability in real-world
scenarios.

The challenges posed by this lack of object awareness are well documented.
Studies like DiagnoseVLNI[F] reveal that agents often prioritize directional cues
while neglecting objects explicitly mentioned in instructions. This is contrary
to how humans navigate. In unfamiliar settings, humans intuitively rely on land-
markse buildings, objects, or text as reference points for accurate navigatio®.[

For example, as illustrated in Fig.1, a human navigator might turn at a “black
iron fence j and stop at the “last blue bikg, using these objects as crucial envi-
ronmental cues.

The success of object-aware models in indoor VLN tasks?1, 22, 23, 24,

, 26] underscores the importance of integrating object features for navigation.
Indoor VLN scenarios typically involve stable and structured environments, mak-
ing it feasible to leverage speci ¢ objects for navigation. However, outdoor en-
vironments are inherently more complex and unstructured, requiring models to
process diverse visual cues, including natural and man-made landmarks. This
complexity underscores the need for robust object-aware VLN models capable of
operating effectively in dynamic, real-world conditions.

To address the abovementioned limitations, This chapter proposes a simple yet
effective Object-Attention VLN (OAVLN) model that allows the agent to focus
more on objects and scene texts to understand the environment better. To eval-
uate the effectiveness of OAVLN, extensive experiments were conducted on two

10






	Introduction
	Background
	Current Progress in VLN
	Challenges in VLN

	Bridging the Gap: Objectives of This Study
	Publication List
	Structure of This Thesis

	Object-Aware Vision-and-Langauge Navigation
	Introduction
	Related Work
	Vision-and-Language Navigation
	Object-Aware VLN

	Problem Definition for Vision-and-Language Navigation
	Preliminary Experiments: What do agents focus on when navigating?
	Proposed Method: Object-Attention Vision-and-Language Navigation (OAVLN)
	Instruction Encoder.
	Panorama Encoder & Object Encoder
	Scene Text Filter & Scene Text Encoder.
	Decoder

	Experiments
	Experimental Setup
	Quantitative Results
	Qualitative Results
	Analysis

	Conclusion

	The STVchrono Dataset: Continuous Change Recognition in Time
	Introduction
	Related Works
	Change Understanding Datasets
	Change Understanding Methods
	Image Sequence Recognition Datasets
	Instance Segmentation Methods

	The STVchrono Dataset
	Image Collection
	Continual Change Captioning (Image Pair)
	Continual Change Captioning (Image Sequence)
	Change-Aware Sequential Instance Segmentation
	Dataset Statistics

	Experiments
	Experiments
	Baseline Methods
	Implementation Details
	Prompt Design
	Evaluation Metrics
	Results of Continual Change Captioning
	Results of Change-Aware Sequential Instance Segmentation

	Conclusion

	Dynamic Vision-and-Language Navigation
	Introduction
	Related Works
	Vision-and-Language Navigation Dataset
	Approach for Vision-and-Language Navigation
	Large Language Model for Dataset Generation.

	DynamicVLN Dataset
	Task Definition
	Scenario Design
	Dataset Collection
	Instruction Generation
	Data Statistics

	Proposed Method: DynaVLN
	Model Details
	Loss Function

	Experiments
	Implementation Details
	Baseline Models
	Metrics
	Results

	Conclusion

	Conclusion
	Acknowledgement
	References

