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rights (“Urheberpersönlichkeitsrechte”) shall not be a!ected by this assign-
ment.

2. In exchange, the student will be compensated by ETH Zurich in the case
of income through the commercial exploitation of research results. Compen-
sation will be made as if the student was an employee of ETH Zurich and
according to the guidelines “Richtlinien für die wirtschaftliche Verwertung
von Forschungsergebnissen der ETH Zürich”.
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Preface

Vision–language navigation (VLN) seeks to control mobile robots directly from
natural-language instructions. Beyond its scientific appeal, VLN can broaden access
to assistive robotics—for example, enabling personal mobility devices to be steered
hands-free by users with limited arm mobility. However, most VLN systems are
designed for static, map-like settings and fail to cope with the uncertainty and
social norms of human-filled spaces. This gap motivates our focus on crowd-aware
VLN: interpreting language while forecasting, respecting, and negotiating human
motion to achieve safe, socially compliant navigation.
This project was carried out as part of my semester project. I would like to sincerely
thank my supervisor, Rashid Alyassi, for his guidance throughout the project and
for teaching me rigorous literature review and research practices. I also thank
him for introducing me to the world of vision–language navigation research, in
which I now have a solid understanding, and for showing me a field that is both
fascinating and highly promising for the future. I am also grateful to the SCAI
Lab for providing the infrastructure, including their RTX 4090 GPU, which greatly
facilitated the training of the models.
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Abstract

Vision-Language Navigation (VLN) aims to enable autonomous agents to follow
natural language instructions within visually perceived environments. While signif-
icant progress has been made, most state-of-the-art VLN systems rely on unrealistic
simulation assumptions — such as panoramic camera inputs and predefined nav-
igation graphs — creating a substantial gap between simulated performance and
real-world applicability. Furthermore, these systems are typically trained and eval-
uated in static, human-free environments, rendering them ill-equipped for dynamic
and socially complex spaces.
This semester project addresses these critical limitations by focusing on two key ar-
eas: monocular VLN in continuous environments and the extension to crowd-aware
navigation. First, we implement and evaluate a state-of-the-art monocular VLN
model that uses monocular waypoint prediction, 3D feature fields to hallucinate
panoramic views, and a topological map for navigation, achieving competitive re-
sults on the R2R-CE benchmark. To further improve performance under partial ob-
servability, we design a novel recurrent waypoint prediction module that fuses metric
map information with current visual observations and language instructions. Sep-
arately, we identify a key bottleneck in standard Imitation Learning — namely, its
reliance on shortest-path teacher actions, which discourages necessary exploration
and recovery behaviors in continuous, partially observable settings. To address this,
we lay the groundwork to incorporate Reinforcement Learning as a complementary
training paradigm. Finally, we propose extending training into human-populated
simulations using platforms like Habitat, to enable the emergence of socially com-
pliant navigation behaviours. Together, these contributions lay the foundation for
VLN agents that operate safely, e!ectively, and with social awareness in real-world
environments.
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Chapter 1

Introduction

Vision-Language Navigation (VLN) is a rapidly growing field at the intersection
of robotics, computer vision, and natural language processing. The goal of VLN
is to enable autonomous agents to follow natural language instructions in visually
perceived and previously unseen environments.

A central challenge in Vision-Language Navigation (VLN) lies in e!ectively ground-
ing language in visual perception, requiring the alignment of two very di!erent
modalities—text and vision—so that the agent can correctly interpret instructions
in a dynamic environment. Many existing approaches rely on panoramic visual in-
puts [1, 2, 3], which are impractical for real-world robots due to their size, cost, and
complexity, highlighting the need for VLN agents that can operate with a standard
frontal camera. Additionally, the highest-performing methods in VLN often lever-
age graph-based navigation with access to predefined adjacent nodes [4, 5, 6], which
increases the gap between simulation and reality, therefore necessitating agents that
can navigate in continuous environments without access to any predefined structure
of the environment.

Although Vision-Language Navigation (VLN) enables robots to follow natural lan-
guage instructions and reach target locations, successful deployment in real-world
environments requires more than just geometric path planning. First, the model
must remain robust in the presence of humans, ensuring accurate navigation deci-
sions even when people are nearby. Second, the agent needs a dedicated module
that allows it to move safely and e!ectively within human-populated environments,
ensuring socially compliant trajectories that respect personal space, avoid collisions,
and adhere to human social norms of movement.

In this work, our main contributions include:

• Identifying the bottlenecks of state-of-the-art VLN models.

• Implementing existing solutions for solving VLN tasks with monocular camera
and waypoint prediction in continuous environments.

• Designing a Monocular VLN agent.

• Designing a VLN training with crowds.

1.1 Background

Vision-Language Navigation (VLN) is the task of enabling an agent to follow natural
language instructions within a visual environment. Given a high-level instruction,
such as “go to the co!ee table”, the agent must interpret the language in the context
of its visual observations and navigate towards the target location.

1
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Dataset

Training VLN agents requires datasets that provide paired natural language in-
structions and ground truth trajectories. Several datasets have been introduced to
support di!erent VLN scenarios. R2R [7] is an indoor navigation dataset containing
instruction-trajectory pairs. RxR [8] extends R2R with multilingual instructions,
dense spatiotemporal alignments between text and visuals, a larger number of sam-
ples, and longer instructions. Reverie [9] focuses on localizing a remote target
object specified in the instruction. ALFRED [10] is a household task execution
dataset where agents follow natural language instructions to complete multi-step
tasks. HANNA [11] addresses interactive object-finding with human assistance,
and Touchdown [12] provides data for outdoor navigation. These datasets collec-
tively enable training VLN agents in diverse environments, tasks, and instruction
complexities.

The R2R dataset [7] was selected for this work because social navigation typ-
ically involves short, high-level instructions, and R2R provides a training set that
closely matches this task formulation. R2R leverages the Matterport3D Simulator,
which is based on the Matterport3D dataset—a collection of 10,800 panoramic
RGB-D images from 90 real-world indoor environments. The dataset contains
21,567 instructions with an average length of 29 words, each paired with a tra-
jectory of 4–6 edges. Trajectories are created by sampling a starting and ending
point, computing the shortest path between them, and annotating it with human
instructions.

The R2R-CE [13] dataset is an extension of R2R [7] for continuous environ-
ments. It retains the same instruction–trajectory pairs as R2R but places agents
in continuous 3D spaces where they must execute low-level actions to follow nat-
ural language instructions. This removes the assumption of known topology of
the environment and provides a more realistic and challenging setting for studying
navigation in unknown environments.

Evaluations Metrics

Several metrics are commonly used to evaluate VLN agents. Success Rate (SR)

measures the percentage of episodes in which the agent reaches the target loca-
tion within a specified distance, typically 3 meters. Success weighted by Path

Length (SPL) adjusts SR by the e”ciency of the agent’s path, taking the ratio
of the shortest path to the agent’s traveled path. Navigation Error (NE) is
the average Euclidean distance between the agent’s final position and the target.
Trajectory Length (TL) reports the average length of the paths taken by the
agent. Oracle Success Rate (OSR) indicates the proportion of episodes where
the agent comes within the distance threshold of the target at any point along its
trajectory. Finally, Normalized Dynamic Time Warping (nDTW) measures
the step-wise alignment between the agent’s path and the reference path, capturing
how closely the agent follows the intended trajectory.

1.2 Related Work

Early Models Early VLN models relied on sequence-to-sequence LSTMs with at-
tention mechanisms to align natural language instructions with visual observations
[7, 14]. Later works moved away from RNN-based fixed-size state representations,
which struggled to preserve long-term information in extended trajectories, and in-
stead relied on Transformer-based models for text encoding. In [1], The authors in-
troduce a hierarchical history encoder that uses a ViT and a panoramic Transformer
to capture spatial relationships within panoramas, followed by a temporal trans-
former to model dependencies across panoramas. In Recurrent VLN-BERT[15], the
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paper introduces a recurrent function into the V&L BERT architecture by main-
taining and iteratively updating a dedicated ”state token” through self-attention
with new observations at each time step. Further work [2] encode the trajectory
history by processing a sequence of front-view images through a Transformer-based
Vision Encoder with self-attention, enabling the model to capture temporal order
before fusing it with language via a cross-modal encoder. While these models rely
on sequences of images, e!ective planning requires incorporating memory into a
map structure to provide geometrically and spatially informed trajectory represen-
tations.

Topological Maps

Topological Maps [16, 17] describe the environment using a graph of nodes and
edges. Let the graph-based topological map at step t be Gt = {Vt, Et}, which
keeps track of all observed nodes along the agent’s trajectory ω →. The nodes Vt

are divided into three categories: visited nodes, navigable (unexplored) nodes, and
the current node [4, 18, 3]. At each step, the agent adds the current node and
its neighboring unvisited nodes to Vt↑1, updates the edges Et↑1 accordingly, and
refines the visual representations of observed and navigable nodes based on new
observations. Topological maps allow long-term planning and backtracking but lack
a fine-grained description of the environment, as their representation is a condensed
feature vector of the locations.

Metric Maps

Metric Maps are egocentric grids Mt with D-dimensional features in each cell rep-
resenting the local environment for short-term planning. Early metric maps [19]
proposed deep learning architecture that enabled an agent to dynamically build
a map of its environment and localize itself within it by using e”cient convo-
lution/deconvolution operations on RGBD input. In [20], the authors process
RGB images and noisy sensor readings to predict an egocentric top-down obsta-
cle/explored area map, estimates the agent’s pose by aligning consecutive egocen-
tric predictions, and then transforms and aggregates this into a global, geocentric
2D spatial map. Later methods [4, 21, 22] rely on depth images to project visual
features onto a grid map.

Pre-Training

The Masked Language Modeling (MLM) task in VLN is applied on the outputs of
a cross-modal encoder that fuses text and visual features. Each masked word wm is
predicted based on the contextualized representations of the remaining words w\m
and the visual trajectory ε :

LMLM = →E(w,ω)↓D logPε(wm | w\m, ε) (1.1)

The Hybrid Single Action Prediction (HSAP) task predicts the next navigation
action given the agent’s current state and any additional input modalities, such as
a topological map Gt or a metric map Mt. In the pretraining task of [4], these maps
are taken from o#ine expert trajectories and serve as static inputs. The network is
trained via cross-entropy with the expert action a↔

t
:

LHSAP = → logPε(a
↔
t
| W,Gt,Mt), (1.2)

where W represents the instruction input, and Gt and Mt are given as examples of
possible map modalities.
The Masked Semantic Imagination (MSI) task predicts the semantics of masked
cells. During pretraining, a random subset of cells (15%) is masked to simulate
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unobserved regions. The model first performs a cross-modal interaction between
the instruction W and the partially observed map Mt,\m, and then predicts the
semantic classes S of the masked cells using a multi-label binary cross-entropy
loss [4]:

LMSI = →E(W,ϑ )↓D

C∑

i=1

[
Si logPε(Si | W,Mt,\m)

+ (1→ Si) log(1→ Pε(Si | W,Mt,\m))
] (1.3)

where S is the ground truth semantic label.

Data Augmentation

Data augmentation strategies have been introduced to address the limited diversity
of environments and the small size of datasets. Early works [23] relied on a simple
LSTM architecture to generate instructions for new trajectories. Following this,
[24] the authors consistently mask visual features across all viewpoints within an
environment to simulate diverse, unseen scenes. In [25], the authors follow the idea
of [24] to generate 4.9M instruction-trajectories pairs to achieve state of the art
results on pre-existing models. AirBERT [26] uses in-domain Airbnb data for VLN
while [27] pretrains a VLN agent on path-instruction pairs automatically mined from
YouTube house tours. Recent work [28] leverages foundation models to generate
diverse observation-instruction pairs.

Waypoint Prediction

Recent approaches have focused on using topological maps [18, 29], metric maps
[30, 31], or a combination of both [4], combined with pre-training tasks to improve
representation learning. A limitation of these methods is that they typically rely
on access to adjacent nodes in the map. To address this, alternative models have
been proposed that predict surrounding waypoints. In [32], the authors propose a
language-conditioned waypoint prediction network that uses GRUs to predict rela-
tive polar waypoints from panoramic observations and instructions. Following this,
Wang et al. [22] and An et al. [3] build on the approach of Hong et al. [33], using
candidate waypoint predictors that leverage Transformer networks over panoramic
RGB-D observations to generate heatmaps of accessible navigable positions. How-
ever, these models depend on panoramic views for both navigation and waypoint
prediction, limiting their applicability in real-world scenarios. This motivates the
development of a waypoint predictor and a navigation module that rely exclusively
on frontal camera input.

Monocular Waypoint Predictor

In the monocular camera setting, the absence of surrounding views makes it more
di”cult to predict a heatmap of navigable areas around the agent. For this reason,
using a metric map to predict the heatmap is more suitable. In [34], the authors
build on the model proposed in [35] and introduce the following architecture. A
semantic map is first extracted from the RGB input, which updates the global
semantic map and hallucinates unseen regions using a U-Net (see Figure 1.1). Next,
an occupancy map derived from the depth input updates the global occupancy map
and is similarly processed through a U-Net to hallucinate unseen regions. Finally,
both maps are fused, and a final U-Net predicts the navigable heatmaps around the
agent.
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Figure 1.1: Top: Depth input to occupancy map processed through a U-Net to hal-
lucinate unseen regions. Bottom: RGB input to semantic map processed through a
U-Net to hallucinate unseen regions. Both maps are then fused to predict navigable
areas [34].

3D Feature Fields

In [34], the authors build upon the ideas of [36] to generate panoramic views from
monocular input. Monocular RGB images are first processed by a pre-trained CLIP-
ViT-B/16 [37] to extract visual features, which are then projected into 3D space
using depth maps and camera parameters. For each predicted novel view, an 8↑ 8
feature map R is generated, where each of the 64 subregions corresponds to a
portion of the view. To compute the feature for each subregion, rays are sampled
from the camera center to the subregion center, and volume densities and latent
vectors are predicted and composited via volume rendering. A Transformer-based
decoder processes the 64 subregion features in R and integrates them into a single
embedding V ↓ R1↗512, aligned with the CLIP representation. This allows the VLN
agent to perceive multiple viewpoints per panorama, combining the forward-facing
RGB observation with 11 predicted novel views for navigation.

Monocular Navigation

The authors of [34] explore monocular VLN, and this paper is the one most studied
in this project. Their approach first predicts waypoints from monocular input (see
Figure 1.1) and then employs a topological map, following [4, 3, 18], where 3D
feature fields are used for panoramic reconstruction and navigable node embedding.
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Chapter 2

Methodology

2.1 Unrealistic Simulation Assumptions

Most existing VLN models rely on assumptions that limit their applicability in
real-world scenarios. Many approaches assume access to neighboring nodes in a
predefined navigation graph [4, 18, 5], which is not available outside simulation en-
vironments. Among models that predict waypoints around the agent, the majority
use panoramic input [3, 22], achieving high performance in simulation but general-
izing poorly to real-world settings, where the agent typically has access only to a
single frontal RGB-D camera.
In contrast, our work adopts a more realistic formulation: the agent is equipped
with a single monocular RGB camera and operates in a continuous environment
without a predefined graph structure. The objective is to learn a navigation policy

at = ϑ(ot, I; ϖ),

where ot denotes the visual observation from the monocular camera at time t,
I represents the language instruction, and ϖ are the learnable parameters of the
policy.

2.2 Model Architecture

Two papers have been particularly influential in shaping the design of the model
architecture. The first, [34], introduces a framework that simulates panoramic view
using 3D feature fields. The second, [38], proposes a novel waypoint prediction
method that integrates language instructions with metric maps to predict surround-
ing waypoints, achieving state-of-the-art performance with monocular inputs. In the
proposed design, elements from both approaches are fused into a unified pipeline.
Given an instruction and monocular RGB-D input, the model first predicts a set
of waypoints. 3D feature fields are then applied to encode the information of each
node, including out-of-view nodes. Finally, following [3], a Cross-Modal Graph
Transformer is employed to predict the long-term navigation goal (see Figure 2.1).

Waypoint Prediction Module

The waypoint prediction module is inspired by [38] (see Figure 2.2). Let the natural
language instruction consist of K words. We encode the instruction using the pre-
trained BERT model [39], producing a sequence of embeddings:

I = {l1, l2, . . . , lK}, li ↓ Rdl , (2.1)

7
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where li denotes the embedding of the i-th word and dl is the dimensionality of the
word embedding.
The RGB input rt ↓ RH0↗W0↗3 is processed using LSeg [40] to obtain a pixel-
wise embedding map Et ↓ RH0↗W0↗D, where D is the embedding dimension. This
embedding map is combined with the depth map dt ↓ RH0↗W0 to update the global
metric map Mt ↓ RH↗W↗D.
To fuse instruction and map information, we employ a Cross-Modal Attention mech-
anism [41, 42], where the metric map features act as queries and the instruction
embeddings serve as keys and values:

M
→
t
= Mt +Attention(Q = Mt,K = I,V = I), (2.2)

where M
→
t
↓ RH↗W↗D is the instruction-informed map. The attention operation is

the standard scaled dot-product attention [42]:

Attention(Q,K,V) = softmax

(
QK

↘
↔
dk

)
V, (2.3)

where dk is the dimensionality of the key vectors. This allows each map location
to focus on instruction-relevant content while retaining its spatial and semantic
structure.
Next, a region-based pooling operation is applied to M

→
t
, yielding a pooled feature

vector M̃t ↓ RD
→
that emphasizes spatial regions most relevant to the current

instruction. Simultaneously, the RGB and depth images are encoded using the
CLIP model [37] to obtain visual embeddings vr

t
and v

d

t
, as illustrated in Figure 2.2.

Finally, the LSTM network [43] integrates sequential information over time. The
input to the LSTM at time t is the concatenation of the pooled map features, visual
embeddings, and the previous hidden state:

ht = LSTM
([

M̃t,v
r

t
,vd

t

]
,ht↑1

)
, (2.4)

and the predicted waypoint yt is obtained via a linear projection:

yt = Waht + ba. (2.5)

The LSTM serves as a memory for the agent, maintaining information about pre-
vious observations, actions, and partially completed instructions. This allows the
agent to predict the next waypoint in a sequential, context-aware manner, integrat-
ing current instruction-relevant features with the memory of previous steps.

Figure 2.1: Our Model Architecture for VLN
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Figure 2.2: Our Waypoint Prediction Module [38]

Waypoint and Panoramic View Encoding

Given the predicted waypoint, the next step is to encode both the waypoint and the
agent’s current panoramic view (i.e., the current node) to update the topological
map of the environment. For the predicted waypoint, we extract features from 12
novel views generated by the 3D feature fields. For the current panoramic node, the
forward-facing view is encoded using the CLIP model [37] applied to the monocular
RGB image, while the remaining 11 novel views are obtained from the 3D feature
fields.

Global Action Planning

To plan actions over the topological map, as in [34], the approach follows a technique
inspired by [29] and integrates it into the pipeline. The encoded node features,
together with the instruction embeddings, are processed by a multi-layer Graph-
Aware Cross-Modal Transformer. Each layer of this Transformer consists of two
main components: (i) a Cross-Attention mechanism to model interactions between
instruction embeddings and node representations, and (ii) a Graph-Aware Self-
Attention mechanism (GASA) that incorporates the structure of the topological
map into the attention computation.
The Cross-Modal Attention between nodes and instructions is formally defined as:

n
→
i
= ni +Attention(Q = ni,K = I,V = I), (2.6)

where ni is the node embedding acting as the query, I = {l1, . . . , lK} are the
instruction embeddings used as keys and values, and the output n

→
i
preserves the

original node information via the residual connection. WQ,WK ,WV denote the
learnable projection matrices within the attention mechanism.
Standard self-attention considers only feature similarity among nodes, which can
lead to underestimating the relevance of nearby nodes in the graph. To address
this, the Graph-Aware Self-Attention incorporates a pairwise distance matrix be-
tween nodes, e!ectively biasing the attention toward nodes that are closer in the
topological layout. Formally, the Graph-Aware Self-Attention is computed as:

GASA(X) = Softmax

(
XWQ(XWK)↘↔

d
+M

)
XWV , (2.7)

where X denotes the node embeddings, and M encodes pairwise distances in the
graph:

M = EWe + be, (2.8)
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with E being the pairwise distance matrix and We, be learnable parameters. The
outputs of the stacked transformer layers are node embeddings n̂i that incorporate
both instruction context and topological structure.
Finally, a Feed-Forward Network predicts a navigation score for each node in the
current graph:

si = FFN(n̂i), (2.9)

where s0 represents the stop score.

2.3 Training Process

Current VLN training exhibits limitations in both Imitation Learning and crowd-
aware navigation. To address these bottlenecks, this work introduces two com-
plementary solutions: Reinforcement Learning and training in human-populated
simulations.

Supervision via Teacher Actions in VLN

In most VLN frameworks, training relies on querying the teacher action from the
dataset. The teacher action is defined as the step that leads along the shortest path
from the agent’s current node to the goal node.
This strategy works well in the standard R2R setting, where the ground-truth tra-
jectory is indeed the shortest path between the start and goal nodes. As long as
the agent remains on this path, the teacher action provides an accurate supervision
signal.
However, two important limitations arise:

1. O!-Trajectory Behavior: When the agent deviates from the ground-truth
trajectory, the shortest-path teacher action is no longer aligned with the be-
havior required to follow the instruction. In such cases, the agent may need
to backtrack or deliberately explore in order to re-align with the instruction,
rather than immediately following a new shortest path to the goal.

2. Monocular vs. Panoramic Settings: Even when the agent is on the
ground-truth trajectory, di!erences arise between panoramic and monocular
observation spaces. In panoramic settings, the teacher action remains valid
because the agent has full 360≃ information and can confidently commit to
that move. In monocular settings, however, the agent only perceives a limited
forward-facing view. Here, it may need to explore first (e.g., by rotating or
scanning the environment) before deciding on a navigation step. A strict
shortest-path teacher action discourages such exploration, forcing the agent
to mimic behavior that is not feasible given its perceptual constraints.

Reinforcement Learning as a Solution

To address the limitations of shortest-path supervision, we adopt Reinforcement
Learning (RL) as a complementary training paradigm. Unlike Imitation Learn-
ing from teacher actions, RL directly optimizes navigation policies with respect to
task-specific rewards, such as successful goal-reaching. This allows the agent to
learn recovery strategies when deviating from the demonstration path, as well as
to balance exploration and exploitation in settings with partial observability (e.g.,
monocular input).

Crowd-Aware VLN

The ultimate goal of VLN is deployment in real-world environments, which are
inherently populated by humans. However, during training, agents are placed in
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human-free simulated environments, creating a generalization gap: agents trained
in such settings may fail to behave robustly when humans are present.
To address this, recent advances in simulation platforms such as Habitat [44] en-
able the integration of human agents into training environments. Leveraging these
capabilities makes it possible to develop crowd-aware VLN agents.
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Chapter 3

Results

3.1 Results

Monocular VLN Evaluation

In the context of extending VLN to social navigation, the model from [34] was
trained and evaluated on the R2R-CE dataset as part of this project. This model,
referred to as Sim-to-Real Transfer in Table 3.1, introduces a waypoint predictor
module with 3D feature fields to reconstruct panoramic inputs, combined with
a topological map. The waypoint predictor builds on the approach discussed in
Section 1.2 (Monocular Waypoint Predictor) of the Related Work. The results of
this implementation, evaluated on the R2R-CE dataset, are presented in Table 3.1,
compared to other monocular methods on the Val Unseen split.

Methods NE OSR SR SPL
Seq2Seq [7] 7.37 40 32 30
CM2[35] 7.02 41.5 34.3 27.6
WS-MGMap[45] 6.28 47.6 38.9 34.3
Sim-to-Real Transfer[34] 5.96 56.0 45.4 30.2
OVL-MAP[38] 4.62 64 60 50
NaVid[46]† 5.47 49.1 37.4 35.9
NaVILA [47]† 5.37 57.6 49.7 45.5
StreamVLN[48]† 5.43 62.5 52.8 47.2

Table 3.1: Comparison of methods on the Val Unseen split of the R2R-CE dataset.
Methods marked with † are video-based vision-language-action (VLA) methods us-
ing monocular input.

3.2 Discussion

First, we observe that the Sim-to-Real Transfer via 3D Feature Fields for Vision-
and-Language Navigation model [34] already outperforms previous monocular nav-
igation methods [7, 35, 45] by approximately 6.5%, highlighting the e!ectiveness of
its architecture. Since the implemented model shares a similar waypoint predictor
with the CM2 model [35], which does not use topological maps for navigation, this
further underscores the impact of incorporating 3D feature fields within a topologi-
cal map. Nevertheless, despite these gains, the model achieves only a 45.4% success
rate, which remains relatively low and emphasizes the need for further research to
close the gap toward robust real-world navigation.

13
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During the course of this semester project, a new method, OVL-MAP [38], was
published in April 2025, significantly surpassing all existing approaches, as shown
in Table 3.1. Unfortunately, this paper was discovered only toward the end of the
project, and no code repository was publicly available, making a full reimplementa-
tion infeasible. To address this, the project proposes a model design that combines
the strengths of [34] and [38], leveraging both approaches to achieve competitive
performance.
Additionally, Table 3.1 includes recent video-based Vision-Language-Action (VLA)
methods—StreamVLN, NaVILA, and NaVid—that utilize monocular input. These
methods employ a completely di!erent architecture, relying entirely on Large Lan-
guage Models for navigation. While they are included in the table for transparency
and to provide context with state-of-the-art methods, their architecture is not di-
rectly comparable to the approaches studied in this project. These methods will be
discussed further in the future works section at the end of this report.



Chapter 4

Summary

4.1 Conclusion

The motivation of this work was to develop intelligent agents capable of language-
instructed navigation. To this end, we first conducted a study of the state of the
art in VLN, identifying key bottlenecks such as reliance on known environment
topologies and panoramic observations, both of which introduce a gap between
simulation and real-world deployment. We then focused on VLN in monocular
settings and continuous environments, and implemented the state-of-the-art model
[34] (prior to the publication of [38]) within the R2R-CE framework. This model
leverages a hallucinated metric map as a waypoint predictor and employs 3D feature
fields to approximate panoramic inputs.
After analyzing its performance, we identified limitations in terms of success rate
and designed a new VLN architecture. In this architecture, the waypoint prediction
module is replaced by a recurrent representation that integrates the metric map
with the current observation. This modification was motivated by the impressive
results achieved by [38]. Furthermore, two broader challenges were highlighted: (i)
the limitations of Imitation Learning, and (ii) the absence of human presence in
training environments. To address these, Reinforcement Learning was introduced
as a complementary training paradigm, and the Habitat simulator was selected to
enable human presence in training scenarios.
Overall, this work demonstrates that robust VLN remains in its early stages, with
many open challenges to address. Nevertheless, the field is highly promising, and
continued research is likely to yield significant advances toward deploying socially
and environmentally robust navigation agents in the real world.

4.2 Discussion of Future Work

Video-based Large Language Models

One area of research demonstrating highly e”cient navigation is Video-based Large
Language Models (VLMs). These models have attracted significant attention be-
cause, unlike the methods studied in this semester project, they typically do not
rely on odometry, depth information, or explicit maps. Early works [47], building
on the ideas of [49], propose a model consisting of three modules: a vision encoder,
a projector, and an LLM that makes navigational decisions. Specifically, at each
time step, the agent receives a sequence of RGB frames from its monocular camera.
These frames are encoded into visual tokens using the vision encoder, which are
then projected into a shared embedding space aligned with language tokens. Si-
multaneously, the natural language instruction is tokenized into instruction tokens.

15
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The observation and instruction tokens are concatenated and fed into the LLM,
which determines the navigation action based on both.
In [46], the authors use the same architecture but add cross-modal attention to
obtain instructed visual tokens in addition to the visual tokens. The follow-up
work [50] incorporates a metric map, encodes it into language tokens, and feeds
it along with the observational and instruction tokens to the LLM. Building on
previous methods, [48] introduces a hybrid SlowFast context strategy to enable
real-time, long-horizon navigation. Its key innovations are: (1) a sliding-window KV
cache that reuses recent dialogue states for low-latency action generation, avoiding
costly recomputation; and (2) a slow-updating memory that compresses past visual
observations via 3D-aware, voxel-based token pruning at test time.
These methods reach state-of-the-art performance in VLN but face limitations.
First, they struggle to reason over extended historical trajectories. Second, inference
is typically o#oaded to a remote server (e.g., using an RTX 4090 GPU, as in
[48]), introducing communication latency of 0.2–1.0 s on top of the 0.27 s inference
time—even for this optimized architecture.

Remaining Work

Future work will focus on implementing the designed model described in Section 2.2
(Model Architecture), training it using Reinforcement Learning, and simulating it
in Habitat with human agents. Additionally, Video-based Large Language Models
represent a promising direction for vision-and-language navigation that should be
further explored.
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