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Abstract— The task of vision-and-language navigation in
continuous environments (VLN-CE) aims at training an au-
tonomous agent to perform low-level actions to navigate through
3D continuous surroundings using visual observations and
language instructions. The significant potential of VLN-CE for
mobile robots has been demonstrated across a large number
of studies. However, most existing works in VLN-CE focus
primarily on transferring the standard discrete vision-and-
language navigation (VLN) methods to continuous environ-
ments, overlooking the problem of collisions. Such oversight
often results in the agent deviating from the planned path or, in
severe instances, the agent being trapped in obstacle areas and
failing the navigational task. To address the above-mentioned
issues, this letter investigates various collision scenarios within
VLN-CE and proposes a classification method to predicate the
underlying causes of collisions. Furthermore, a new VLN-CE
algorithm, named Safe-VLN, is proposed to bolster collision
avoidance capabilities including two key components, i.e., a
waypoint predictor and a navigator. In particular, the waypoint
predictor leverages a simulated 2D LiDAR occupancy mask to
prevent the predicted waypoints from being situated in obstacle-
ridden areas. The navigator, on the other hand, employs the
strategy of ‘re-selection after collision’ to prevent the robot
agent from becoming ensnared in a cycle of perpetual collisions.
The proposed Safe-VLN is evaluated on the R2R-CE, the results
of which demonstrate an enhanced navigational performance
and a statistically significant reduction in collision incidences.

Index Terms— collision avoidance, embodied cognitive sci-
ence, perception-action coupling, vision-based navigation.

I. INTRODUCTION

In recent years, autonomous navigation [1], [2] of mobile
robots has been experiencing a surge of interest due to its
immense commercial potential and multifaceted application
value. A specific task within this realm, referred to as vision-
and-language navigation (VLN) [3] has garnered consid-
erable scholarly attention. VLN aims to train an agent to
navigate with cross-modal matching information of visual
data and natural language instructions by interacting with
discrete environments through connectivity graphs. Never-
theless, most of the previous studies [4], [5] are concerned
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Fig. 1. Collision scenarios in VLN-CE classified in this letter. The first
type of collision refers to the predicted waypoint being in the obstacle
zone; the second type of collision refers to encountering obstacles when
navigating from the waypoint to the next chosen waypoint; and the third
type of collision refers to dynamic obstacles that may occur at any time
during the navigation process.

about discrete VLN configurations that simplify navigation to
the task of traversing environments with pre-defined graphs.
In particular, these pre-defined graph settings inherently
introduce prior assumptions concerning navigational loca-
tions and perfect navigation between nodes. This leads to a
significant challenge when attempting to apply VLN models
trained in simulations to real-world systems.

To bridge the gap between VLN and the real-world navi-
gation, Krantz et al. [6] first introduced VLN in continuous
environments (VLN-CE). They instantiated VLN within a
3D continuous environment simulator, known as Habitat [7].
In particular, VLN-CE eliminates the necessity for discrete
graph assumptions and opts for a more generalized setting
of navigation within a continuous environment, bringing
the application of VLN significantly closer to real-world
scenarios. In comparison to its discrete counterpart, VLN-
CE faces greater challenges in its design. For instance, the
incorporation of low-level actions considerably escalates the
algorithmic complexity, thereby slowing the convergence of
the learning process, particularly in end-to-end training.

To learn effectively from long-horizon trajectories, the
mainstream framework for VLN-CE comprises three mod-
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ules [8], including a waypoint predictor, a navigation planner,
and a low-level controller. Specifically, learning from the
known navigation graphs in Matterport3D, the waypoint
predictor [8], [9] generates high-level navigation waypoints
in continuous environments by predicting nearby candidate
positions from visual observations. Based on the pre-trained
waypoint predictor, the navigation planner generates the next
subgoal waypoints that are further implemented by the low-
level controller.

While certain studies focus on improving the performance
of VLN-CE [10], [11], very few has considered the colli-
sion avoidance and navigation safety. As shown in Fig. 1,
collisions occur frequently in VLN-CE, mainly facing the
following challenges. First, in comparison to those in discrete
environments, the waypoints generated by the waypoint
predictor in continuous environments may not be navigable
due to the incorrect perception of surrounding environments.
Second, without the perfect navigation between adjacent
nodes, the agent more likely fails to reach the next waypoint
in continuous environments when involving obstacles along
the travelling path. To enhance collision avoidance of VLN-
CE, this letter takes a thorough and quantitative analysis of
VLN-CE collisions and proposes a new navigation algorithm,
named Safe-VLN. Specifically, this letter investigates causes
of collisions in VLN-CE and defines three different types of
collisions. Designed to resolve all the types of collisions, the
Safe-VLN is expected to greatly improve collision avoidance
capability of the majority of VLN-CE agents.

The contributions of this letter are twofold. First, to
the best of the authors’ knowledge, this letter classifies,
for the first time, the VLN-CE collisions into three types,
including the waypoint collision, the navigation collision and
the dynamic collision. Through extensive experimentation,
this letter quantitatively investigates performance degradation
caused by different types of collisions, providing valuable
insights for the design of collision avoidance algorithms.
Second, this letter proposes a new Safe-VLN algorithm to
address the collision issues in VLN-CE. Experimental results
validate the effectiveness of the proposed algorithm, which
successfully achieves a state-of-the-art success rate in VLN-
CE on the widely-used R2R-CE dataset.

The remainder of this letter is organized as follows.
Section II reviews related work. Safe-VLN is proposed in
Section III and Section IV details dataset construction and
presents the experimental results. Finally, Section V provides
the concluding remarks.

II. RELATED WORK

In this section, we review related research on VLN-CE and
collision avoidance in autonomous navigation. We highlight
the features of this letter in comparison to previous studies.

VLN-CE. To be more representative of real-world naviga-
tion, Krantz et al. [6] converted the discrete VLN task into
a continuous-environment task. To avoid slow convergence
brought by end-to-end baselines [10], Krantz et al. [8],
Hong et al. [12], Wang et al. [13] and An et al. [14]
adopted a hierarchical framework by training a waypoint

predictor module to obtain local candidate waypoints. This
hierarchical framework is commonly used in VLN-CE and
further extended with top-down maps for better perception of
environments, i.e., the top-down egocentric and dynamically
growing grid memory map is built by GridMM to represent
the previously visited environment [13]. However, navigation
methods present a significantly lower navigational perfor-
mance in VLN-CE than in VLN.

An et al. [14] reported that in continuous environments,
without the perfect navigation assumption, collisions often
occur, causing the agent to deviate from the planned route
or even fall into deadlocks. Based on this, this letter analyzes
and defines collisions in VLN-CE. To transfer a VLN agent
to continuous environments with collision considerations,
Safe-VLN is proposed to improve the VLN-CE by adding
the occupancy mask in waypoint predictor module and
employing ‘re-selection’ strategy in navigation planner.

Collision in Autonomous Navigation. There exist many
collision avoidance studies in robot navigation. One of the
most commonly-used methods is the traditional grid map-
based path planning algorithm such as the dual Dijkstra
search algorithm [15], the A* algorithm [16], and the jump
point search (JPS) algorithm [17]. However, given the VLN-
CE task setting, applying these collision avoidance methods
requires the extraction of grid maps from the original im-
age observations that are directly modeled from real-world
indoor environments. This operation not only increases the
computational complexity but also scarifies environmental
information and introduces more localization errors, thus
potentially degrading the obstacle avoidance performance.

Over the past several years, deep reinforcement learn-
ing (DRL) has been widely researched and applied as a
contemporary design method for collision avoidance [18],
[19], [20]. While DRL has been proven as an effective
collision avoidance method in numerous navigation tasks,
the application in VLN-CE is still an open question with
great challenges. The main reason is that compared with
other widely-studied navigation tasks, VLN-CE is extremely
complex and difficult considering the multi-modal inputs
with simulation environments directly modeled from the
real world. The integration of DRL with VLN-CE will
significantly increase the computational time due to the
extensive exploration in a vast search space, thus leading
to an extremely slow learning convergence.

ETPNav, a recent work that considers collisions in VLN-
CE [14] leverages a heuristic strategy called ‘Tryout’ in the
low-level controller to avoid the agent from being stuck
in collision areas by randomly selecting actions from a
predefined set of actions. Nevertheless, in several cases, the
agent still gets trapped after trying all the actions in the
set. Tuning the low-level control is not enough to solve
the complex collision problems in VLN-CE. Inspired by the
collision studies in autonomous navigation, we categorize the
causes of collisions in VLN-CE and propose Safe-VLN with
improvements in the waypoint predictor and the navigation
planner accordingly.
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Fig. 2. The overview of the proposed Safe-VLN. The Safe-VLN designs
a waypoint predictor that generates candidate waypoints by combining the
predicted heatmap with occupancy masks. In addition, the Safe-VLN adds
a re-selection navigator in the navigation planner.

III. SAFE-VLN

In this section, we first present the general navigation
setups in VLN-CE and then conduct an analysis of various
collision scenarios and subsequently categorize them into
three distinct types. Following this, we propose Safe-VLN,
a strategy designed to mitigate these collision types for
agents operating in continuous environments. This approach
incorporates occupancy masks into the waypoint predictor
and employs a ‘re-selection’ planning strategy.

A. Overview of VLN-CE

For the sake of self-containment, this letter includes a
general overview of VLN-CE. In line with previous studies
[8], [12], [14], the agent in VLN-CE is provided with an
instruction composed of L words for each episode. This
instruction is denoted as I = {l1, · · · , lL} with asso-
ciated text embeddings. During the navigation phase, at
each time step t, the agent receives visual observations
Ot = {(orgb

t,i , o
d
t,i)}12i=1, where orgb

t,i , o
d
t,i are the i-th RGB

and depth images, respectively. These images are captured
by the mobile agent across 12 different views, each with
an equally-spaced horizontal heading angle relative to the
agent’s orientation, represented by θi = 30◦ × (i − 1),
where i = 1, · · · , 12. Based on the visual observations Ot =
{(orgb

t,i , o
d
t,i)}12i=1, two separate pre-trained image encoders are

utilized to extract RGB features V rgb
t = {vrgb

i }12i=1 and depth
features V d

t = {vd
i }12i=1. In particular, a vision transformer

(ViT) [21] derived from contrastive language-image pre-
training (CLIP) [22] is employed to encode the RGB images,
while a residual network [23], [24] pre-trained for point-
goal navigation [25] is used to encode the depth images.
Leveraging instruction embeddings and visual observation
features, the agent is expected to approach and ultimately
reach the target as dictated by the instruction. Unlike the
selection of discrete waypoint candidates, agents in VLN-CE
navigate through a 3D meshed environment with continuous
values by taking actions from a lower-level action space,
e.g., forward 0.25m, turn-left 15°, turn-right 15°, and stop.
The navigation configurations in VLN-CE abandon the graph

prior and the assumption of perfect navigation between
nodes, making the task more challenging. To address the
collision challenges in VLN-CE, we introduce Safe-VLN
to enhance the navigation performance of the agent when
adapting to complex continuous environments.

B. Collision Classification in VLN-CE

This subsection presents an analysis of various collision
scenarios, and defines three types of collisions pertinent to
tasks within VLN-CE. As depicted in Fig. 1, the first type
is named ‘waypoint collision’. This category of collisions
occurs when the predicted candidate waypoint is positioned
within an obstacle area, such as inside a wardrobe, on the
wall, or above a bed, making it impossible to reach the exact
waypoint without a collision. The second type, ‘navigation
collision’, is defined as a collision that occurs when the
agent encounters obstacles like handrails, doors, tables, etc.,
during its movement towards the next waypoint. The third
type, ‘dynamic collision’, occurs when a waypiont becomes
non-navigable during the process of robot motion due to
time-varying security or privacy concerns instead of static
obstacles. Upon closer examination of VLN-CE algorithms,
such as CWP-RecBERT [12], GridMM [13] and ETPNav
[14], it becomes evident that none of these methods address
the three types of collisions defined in this research. Notably,
while ‘dynamic collision’ is not presented in the existing
dataset for VLN-CE, it is nonetheless considered in this
research, in order to comprehensively study and resolve all
the types of collisions in real-world applications. to simulate
the situation of ‘dynamic collision’ in real-world scenarios,
we generate the next waypoint selected by the agent as non-
navigable with a certain probability. In particular, validation
results in Table I of Section IV from the ‘val-unseen’ split of
the R2R-CE dataset reveal that both waypoint collisions and
navigation collisions occur frequently in existing algorithms,
and their success rates decrease significantly when dynamic
collisions are considered.

C. Occupancy Masks for Waypoint Collision

The first module of Safe-VLN is designed to alleviate
the waypoint collisions. With a simulated 360° 2D LiDAR
scanner, an occupancy mask is created with surrounding
environment information and further incorporated into the
waypoint predictor of VLN-CE. Specifically, we use the
waypoint predictor in ETPNav [14] to generate a probabil-
ity heatmap Ht, denoting probabilities of nearby candidate
waypoints within a 3m radius centered around the agent. The
heatmap Ht is modeled as

Ht = WP(V d
t , V

ori
t ), (1)

where WP(·) represents the transformer-based waypoint
predictor, and V d

t = {vd
i }12i=1, V ori

t = {(cos θi, sin θi)}12i=1

are depth and orientation features, respectively. K predicted
candidate waypoints are sampled from the heatmap Ht using
the non-maximum-suppression (NMS) technique and the
waypoint positions are denoted by a set Pt = {pkt }Kk=1.

The aforementioned waypoint predictor, trained based on
the navigation graphs in the Matterport3D dataset, does
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Fig. 3. Illustration of occupancy masks designed in the waypoint predictor.

not account for the surrounding obstacles. As a result,
the predicted waypoints occasionally locate within obstacle
areas, leading to waypoint collision failures. To address this
issue, this research employs depth information to generate a
simulated 2D-LiDAR occupancy mask Mt defined by

Mt(h,w) =

{
−1, if Mt(h,w) is occupied by obstacles;
0, otherwise.

(2)
Here, Mt shares the same dimensions (h,w) as the predicted
heatmap Ht.

As shown in Fig. 3, the occupancy mask Mt, centered
on the agent, provides ranging information of surrounding
environments. By incorporating the occupancy mask into the
predicted heatmap Ht, the probability within collision areas
in Ht is reduced, thereby obtaining an updated heatmap H∗

t

H∗
t = norm(Ht + δ ·Mt), (3)

where norm(·) is a normalization operation, ensuring that the
sum of probability values over the updated heatmap equals
one, and δ is a hyper-parameter to control the weights of the
mask in the waypoint prediction.

D. Re-selection Navigator for Navigation and Dynamic Col-
lisions

In addition to the waypoint collisions, the agent frequently
encounters navigation and dynamic collisions. To address
these two types of collisions, a re-selection navigator is
proposed as the second module of Safe-VLN. This solution
involves designing the navigation planner to predict both the
optimal and sub-optimal waypoints for alternatives. When
the agent is trapped, the re-selection of sub-optimal way-
points not only help it escape from the collision area but
also prevents significant deviation from the target.

Analogous to ETPNav, to achieve long-term planning,
the traversed path for each episode is depicted by a graph,
symbolized as Gt = (Nt, Et). Here, Nt = {ni

t}
|Nt|
i=0 denotes

the set of nodes, which includes visited nodes, the current
node, and observed but not visited ‘ghost nodes’. The special
node, n0, is interconnected with all other nodes, symbolizing

the action ‘stop’. Et represents the set of all the edge
elements ei,jt , where ei,jt encapsulates the relative Euclidean
distance between two adjacent nodes ni

t and nj
t . Gt is

updated at each t by the predicted waypoints. For instance,
the embedding for each node, ni

t, is represented by n̂i
t =

V rgb
t ⊕V d

t ⊕V pose
t ⊕V step

t , where ⊕ denotes a concatenation
operation. Here, V pose

t is the current pose embedding of the
agent and V step

t denotes the embedding of the most recently
visited time step. The visual-semantic embedding, ñi

t, for
each node, ni

t, is obtained by

ñi
t = Cross-Modal(I, n̂i

t), (4)

where Cross-Modal(·) is a cross-modal planning model con-
taining a multi-layer transformer to compute the navigation
plan based on graph features and navigation instructions. The
navigation planning policy generates scores, st = {sit}

|Nt|
i=0 ,

for nodes in Gt using the following form, which reflects the
probability preference for selecting each node

sit = NP(ñi
t), i = 0, ..., |Nt|, (5)

where NP(·) is the navigation planning policy. Additionally,
the scores for visited nodes and the current node are masked
to prevent unnecessary repetition of actions. Based on the
output scores, st, the agent selects the next waypoint in
a greedy manner. If s0t is selected, the agent will cease
movement at its current position, resulting in the termination
of the current episode.

The training objective of the existing VLN-CE models
such as ETPNav is to maximize the scores of the optimal
waypoint, which is characterized by the shortest Dijkstra path
to the target. To generate appropriate alternative waypoints,
the sub-optimal waypoint, characterized by the second short-
est path, is also considered in the training objective by
updating the loss function as follows

Lp =
∑
t

[λ1 log p(a
1
t |W, Gt) + λ2 log p(a

2
t |W, Gt)], (6)

where a1t and a2t are the optimal and sub-optimal actions
with the shortest and second shortest paths to the target,
respectively. Based on the graph Gt and the network pa-
rameters W at time step t, the selection probabilities of a1t
and a2t are represented as p(a1t |W, Gt) and p(a2t |W, Gt).
λ1 and λ2 are hyper-parameters for tradeoff between optimal
and sub-optimal actions.

TABLE I
VALIDATION PERFORMANCE OF DIFFERENT VLN-CE AGENTS ON THE

val-unseen DATASET WITH OR WITHOUT SAFE-VLN. HERE, FOR ALL

METRICS EXCEPT W-C AND N-C, HIGHER IS BETTER

Method Safe-VLN SR SPL W-C N-C D-C SR

CWP-RecBERT [12]
✗ 44.0 38.9 11.3 11.5 40.5
✓ 44.9 39.2 10.2 5.8 41.9

GridMM [13]
✗ 48.5 40.7 11.3 8.2 46.3
✓ 49.4 41.2 10.2 4.4 47.3

ETPNav [14]
✗ 57.1 49.0 23.3 14.0 54.1
✓ 57.9 47.8 22.8 4.3 54.3



TABLE II
COMPARISON WITH STATE-OF-THE-ART METHODS ON THE R2R-CE DATASET

Method
Val-Seen Val-Unseen Test Unseen

TL NE OSR SR SPL TL NE OSR SR SPL TL NE OSR SR SPL

HPN+DN [10] 8.54 5.48 53 46 43 7.62 6.31 40 36 34 8.02 6.65 37 32 30
SASRA [11] 8.89 7.71 - 36 34 7.89 8.32 - 24 22 - - - - -
Sim2Sim [8] 11.18 4.67 61 52 44 10.69 6.07 52 43 36 11.43 6.17 52 44 37

CWP-CMA [12] 11.47 5.20 61 51 45 10.90 6.20 52 41 36 11.85 6.30 49 38 33
CWP-RecBERT [12] 12.50 5.02 59 50 44 12.23 5.74 53 44 39 13.51 5.89 51 42 36

GridMM [13] 12.69 4.21 69 59 51 13.36 5.11 61 49 41 13.31 5.64 56 46 39
ETPNav [14] 11.92 3.96 72 66 58 11.97 4.71 64 57 49 12.87 5.12 63 55 48

Safe-VLN (ours) 13.71 3.35 79 71 60 15.00 4.48 68 60 47 15.44 5.01 64 56 45

IV. EXPERIMENTS

In this section, we initially describe the experimental
setup, encompassing the dataset and training setup. Subse-
quently, we compare our approach with a classical obstacle
avoidance algorithm and conduct experiment by comparing
the Safe-VLN with other baselines in VLN-CE. Following
this comparison, ablation experiments are carried out to ver-
ify the impact of sensor errors and validate the effectiveness
of each module within Safe-VLN.

A. Experimental Setup

Dataset. Matterport3D (MP3D) [26] is a widely used
environment in VLN that features 90 scenes and 10,800
panoramic RGB-D images, thus providing a close-to-real
indoor navigation setting. The VLN agent interacts with
MP3D through a connectivity graph that queries panoramic
images. The Room-to-Room (R2R) dataset, which is com-
posed of 7,189 shortest-path trajectories in MP3D, is further
augmented with 90 3D-mesh reconstructions in the Habitat
simulator [7]. This augmentation results in a continuous
environment for VLN-CE. The spatially continuous R2R-
CE dataset includes several validation data samples such as
val-seen and val-unseen splits. In particular, the val-seen
split denotes the episodes with new paths and instructions
from the same scenes observed during training. In addition,
val-unseen split refers to the episodes with new paths,
instructions, and scenes that are not observed during training.

Training Setup. In the simulation environment of VLN-
CE, the agent is defined as a mobile robot with a height
of 1.5m with simulated panoramic RGB-D cameras. In
addition, the position of the robot is considered available.
The action space of the agent is set as {forward 0.25m,
turn-left 15°, turn-right 15°, stop}. To capture panoramic
RGB-D information in the current VLN-CE environment,
12 RGB cameras and 12 depth sensors are equipped on the
agent, positioned at the height of 1.25m with a directional
spacing of 30◦ between each adjacent pair, which is the same
setting typically used in VLN-CE studies [14]. The scan
obtained from the constructed 2D LiDAR is represented as
a radial occupancy map with a range of 3m, comprising 12
distinct range bins of 0.25m each and 120 heading bins of
3° [8]. To enhance the navigation performance with collision
avoidance, we fine-tuned the ETPNav model [14] together
with Safe-VLN. The iteration number of the fine-tuning is
20,000. With two NVIDIA RTX 3090 Ti GPUs, the total
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training time is approximately 50 hours. On the other hand,
regarding the deployment of the trained Safe-VLN model,
we have conducted evaluation tests on a single 3090 Ti
GPU. The cycle-time during navigation is approximately
0.4s, which describes the average time it takes from the
reception of the sensor feedback to the completion of the
predicted action.

Evaluation Metrics. To investigate the performance of
the proposed model, several evaluation metrics are adopted
to compare Safe-VLN with other baselines. On one hand,
following previous studies [8], [14], five metrics are em-
ployed to evaluate the trained model with new paths in
both seen and unseen environments. The trained model is
further tested on an unseen test split. In particular, these
metrics are (i) trajectory length (TL), i.e., the average path
length; (ii) navigation error (NE), i.e., the average geometric
distance between the final location and the target; (iii) oracle
success rate (OSR), i.e., the rate of occurrence of paths
when there exists a visited position point within 3m of the
target; (iv) success rate (SR), i.e., the rate of occurrence of
paths when the agent stops within 3m of the target; and (v)
success rate optimized by path length (SPL). On the other
hand, to better analyze collision scenarios, three additional
metrics are defined including (i) navigation collisions (N-
C), i.e., the average ratio of navigation collisions in the
time domain over the entire navigation process, which is
calculated for the i-th path as cni

Ti
, where cni and Ti represent

the number of navigation collision steps and the total time
steps, respectively; (ii) waypoint collisions (W-C), i.e., the
ratio of candidate waypoints in collision area generated
by the waypoint predictor, which is calculated for the i-th
path as 1

Ti

∑Ti

j

cwj
Cj

, where cwj and Cj represent the number
of generated waypoints in the collision area and the total
number of generated waypoints, respectively, at the j-th step;
and (iii) SR with dynamic collisions (D-C SR), i.e., the



success rate when some candidate waypoints are unable to
navigate due to dynamic collisions.

B. Performance Comparison

Comparison of VLN-CE baselines. We examine the ef-
fectiveness of the proposed Safe-VLN framework by testing
the algorithm on three state-of-the-art VLN-CE agents, i.e.,
CWP-RecBERT [12], GridMM [13] and ETPNav [14]. This
examination is conducted from two perspectives. Firstly,
the three VLN-CE agents [12], [13], [14] are validated
by directly adding the Safe-VLN algorithm without further
training. As indicated in Table I, during the validation stage,
Safe-VLN enhances the success rate (SR) and effectively
reduces navigation collisions (N-C), as well as waypoint
collisions (W-C). In consideration of dynamic collisions,
the waypoint selected by the agent is designated as non-
navigable with a certain probability (10% in this study),
compelling the agent to re-select an alternate waypoint. We
observe that Safe-VLN enhances the robustness of agents,
thereby reducing the side effects of dynamic collisions on
SR and improving dynamic collision success rate. It is worth
noting that the ‘Tryout’ mechanism is employed during the
training and validation stages of ETPNav in this study.
If the ‘Tryout’ attempt fails, the agent adjusts its action
according to the re-selection navigator. Subsequently, we
further trained and validated the ETPNav agent within the
Safe-VLN framework. As shown in Table II, the proposed
Safe-VLN consistently surpasses all the VLN-CE baselines.

TABLE III
VALIDATION PERFORMANCE OF DIFFERENT COLLISION AVOIDANCE

METHODS ON THE R2R-CE val-unseen DATASET

Method SR SPL W-C N-C
ETPNav 57.1 49.0 23.3 14.0

ETPNav w/ JPS 44.8 26.4 25.9 17.3
Safe-VLN (Ours) 57.9↑ 47.8 22.8↓ 4.3↓

Comparison with the JPS-based navigator. To demon-
strate the effectiveness of the proposed Safe-VLN method
in collision avoidance, this letter selects the widely-used
JPS algorithm [27] and conducts a comparison study. JPS
is well-known as a benchmark navigator for collision issues
due to its rapid speed in navigable-path searching [28]. To
implement JPS, a grid map of size 50×50 in an egocentric
view is generated at each step by projecting and discretizing
the observed depth maps. The same model parameters as in
ETPNav are used in the comparison study to evaluate three
different methods, i.e., ETPNav, ETPNav in conjunction with
the JPS navigator (denoted as ‘ETPNav w/ JPS’), and Safe-
VLN on the val-unseen spit of the R2R-CE dataset.

From the experimental result of Table III, we observe that
in all the four evaluation metrics, Safe-VLN outperforms
‘ETPNav w/ JPS’. We conjecture that the performance
difference comes from the projection errors when generating
the grid maps used in the JPS algrithm. For instance, in the
comparison study, a portion of a planned path occasionally
resides in the obstacle areas due to the projection errors
near the boundary of the obstacles; and in some other cases,

the goal positions are erroneously projected into the non-
navigable area, which inevitably results in the malfunctioning
of the JPS-based navigator. While this projection error will
be possibly reduced if a finer grid is adopted, the result-
ing increased computation cost will be unaffordable. As a
reference, in the comparison study presented here, when
evaluated on the val-unseen spit of the R2R-CE dataset,
the time spent using the JPS-based navigator is eight times
longer than that using Safe-VLN. Therefore, considering the
overall performance in computational efficiency and collision
avoidance success rate, Safe-VLN is superior to the widely-
used JPS algorithm in the VLN-CE tasks.

TABLE IV
VALIDATION PERFORMANCE OF SAFE-VLN USING LIDARS WITH

DIFFERENT TYPES AND INSTALLATION HEIGHTS ON THE VAL-UNSEEN

SPLIT OF THE R2R-CE DATASET

LiDAR Type Sensor height SR SPL W-C N-C po

2D
1.0m 58.2 48.2 22.5 4.2 0.384
1.5m 57.9 47.8 22.8 4.3 0.377

3D
1.0m 57.5 47.6 22.6 4.3 0.491
1.5m 58.5 48.4 22.7 4.1 0.431

2D+3D
1.0m + 1.5m 57.7 47.8 22.7 4.3 0.439
1.5m + 1.0m 57.5 47.6 22.6 4.3 0.494

C. Ablation Study

Effectiveness of the Occupancy Mask. To investigate
the effectiveness of the occupancy mask, we compare the
performance with and without M-Use during the training
stage. For the sake of brevity in the following descriptions,
the use of the occupancy mask is denoted as ‘M-Use’ and
the application of the re-selection navigator is denoted as
‘R-Use’. The experimental results presented in Table V
indicate that the use of the occupancy mask consistently
enhances the navigation performance across both training
and validation stages. For example, the model trained with
‘M-Use’ and validated with the full Safe-VLN (as shown
in Row 4 of Table V) improves the success rate (SR) by
2.8%. The occupancy mask contributes to this improvement
by providing the navigation planner with a more diverse and
navigable set of candidate waypoints via the new heatmap,
H∗

t . Specifically, as depicted in the first and third images
in Fig. 3, the occupancy mask, derived from the simu-
lated 2D-LiDAR, filters out waypoints located in collision
areas by reducing their sampling probability. As a result,
the sampling probability in collision-free areas increases
after normalization. However, it is worth noting that due
to inaccuracies in the simulated 2D-LiDAR measurement,
caused by environmental reconstruction errors, occupancy
masks occasionally cover free areas and filter out navigable
waypoints. To balance the benefits and errors of occupancy
masks, we have introduced a weight parameter, δ, in Eq.
(3). Ablation experiments conducted on the val-unseen split
under Safe-VLN with varying δ values are depicted in
Fig. 4. When δ varies within a range of less than 10−4,
waypoint collisions (W-C) and navigation collisions (N-C)
are relatively small, while SR and success rate optimized by
path length (SPL) are high. In contrast, when δ exceeds 10−3,



TABLE V
ABLATION EXPERIMENTS OF SAFE-VLN ON THE R2R-CE val-unseen DATASET

Training Method Validation Method
Validation

Val-seen Val-unseen

M-Use R-Use M-Use R-Use SR SPL W-C N-C D-C SR SR SPL W-C N-C D-C SR

✓ ✗

✗ ✗ 68.1 60.6 22.0 12.1 65.9 59.2 48.7 23.4 10.9 56.7
✓ ✗ 68.5 60.8 22.3 12.2 67.5 59.3 48.7 23.3 10.8 56.1
✗ ✓ 69.8 60.1 21.0 3.4 66.5 59.4 47.2 23.0 4.3 56.0
✓ ✓ 69.5 59.4 21.3 3.6 66.1 59.9 48.0 22.7 4.1 55.5

✗ ✓

✗ ✗ 70.1 60.5 21.7 7.0 66.6 56.7 46.7 23.4 10.8 54.6
✓ ✗ 68.9 60.6 21.7 6.0 66.6 58.1 48.0 23.2 8.5 55.7
✗ ✓ 68.8 58.9 20.8 3.1 67.1 58.8 46.5 23.0 3.8 56.4
✓ ✓ 69.0 59.4 20.9 2.2 66.2 57.9 47.2 22.8 3.4 54.9

✓ ✓

✗ ✗ 68.9 59.8 21.4 11.3 66.8 60.0 47.7 23.2 9.7 57.7
✓ ✗ 69.7 60.2 21.6 11.2 67.1 60.0 47.6 23.1 9.5 57.6
✗ ✓ 69.3 58.4 20.8 3.2 67.6 60.9 47.1 22.9 3.6 57.2
✓ ✓ 70.7 59.9 21.2 2.6 67.1 60.0 47.4 22.9 3.6 56.2

Instruction: Walk across the room and wait at the far end of the bar.

Without dynamic collisions

Sub-target Unvisited nodesTarget Dynamic collision Visited nodes Agent position

Waypoint collision

Step 0 Step 4

Step 4

Step 7

Step 7

(a)

(b) (e) (f)

(c) (d)

With dynamic collisions

Fig. 5. Examples of re-selection navigator. When the chosen waypoint is non-navigable, the agent flexibly selects another proper waypoint.

W-C significantly increases while SR and SPL significantly
decrease. Taking into account the comprehensive navigation
performance, we have applied δ = 10−4 in this research.

Performance based on different LiDARs. We further an-
alyze the impact of different types of LiDARs with different
installation heights on the occupancy mask and navigation
performance. To simulate the navigation setup in a real-
world environment, 2D and 3D LiDARs are constructed by
combining outputs of multiple depth sensors. The scanning
range of the constructed LiDAR is 3m with a horizontal
angular resolution of 0.25◦. The 3D LiDAR possesses a
vertical field of view of 22.5◦. The minimum depth value
at each horizontal scanning angle among all the vertical
scanning angles is defined as the distance from the robot to
the nearest obstacle in that particular direction. Considering
the obstacle information recognized by the LiDAR varies
when the LiDAR is set at different heights, we have selected
two different heights of 1.0m and 1.5m as comparison
examples. Furthermore, a sensor fusion strategy is also
adopted and compared by combining the readings of 2D and
3D LiDARs whose sensor-fusion-based occupancy mask is
calculated by M 2D+3D

t = norm(M 2D
t +M 3D

t ), where norm(·)
is the same normalization operation as described in Eq. (3).
M 2D

t and M 3D
t are the occupancy masks obtained by the 2D

and 3D LiDARs at the t-th step, respectively. To quantify

the differences between the occupancy masks constructed
from the 2D and 3D LiDARs, we calculate the average
occupied proportion po of all episodes in the val-unssen split
dataset, and for the i-th episode, the occupied proportion is
calculated by pio = 1

Ti

∑Ti

t=1(−sum(Mt)/dim(Mt)), where
dim(·) represents the dimension of a matrix, Ti represents
the total step number of the i-th episode, and Mt represents
the occupancy mask matrix at the t-th step.

The ablation testing results are shown in Table IV. Com-
pared to the 2D LiDAR, the adoption of a 3D LiDAR en-
hances collision avoidance performance with more detected
collision information at the height of 1.5m. However, the
use of a 3D LiDAR at the height of 1.0m or the fused 2D
and 3D LiDARs, while providing more obstacle information,
actually degrade the navigation performance. We conjecture
this counter-intuitive phenomenon comes from the measure-
ment errors of the reconstructed 3D LiDAR. Specifically, the
low-lying furniture in the environment introduces additional
errors during reconstruction due to factors such as feature
occlusion and insufficient lighting, leading to a poorer per-
formance of LiDARs located at lower positions. In addition,
we also observe that the 3D LiDAR with a wider vertical
field of view, accumulates more measurement errors from
the increased vertical scanning angles, especially compared
to 2D LiDARs, resulting in more severe performance losses.



Effectiveness of the Re-selection Navigator. We also
investigate the influence of the re-selection navigator within
the Safe-VLN framework. The results demonstrate that when
both ‘M-Use’ and ‘R-Use’ are utilized during the evaluation
phase, navigation collisions (N-C) decrease to their lowest
point, while the success rate (SR) experiences the most
significant improvement. The re-selection navigator assists
the agent in a timely manner to escape from stuck areas by
enabling the re-selection of an alternate suitable waypoint.
Additionally, when ‘R-Use’ is applied during the training
phase, the gap between dynamic collision success rate (D-
C SR) and SR is minimal, indicating that the agent pos-
sesses enhanced navigation flexibility for dynamic collision
avoidance. It is noteworthy that the hyper-parameters λ1 and
λ2 in Eq. (6) impact the performance of the model trained
with ‘R-Use’. When λ1 exceeds λ2, the agent primarily
learns about optimal actions. In contrast, sub-optimal ac-
tions are given major consideration. Taking into account the
frequency of collisions, we adopt λ1 = 0.8 and λ2 = 0.2
in this research, with the expectation that the navigation
planner will focus more on optimal actions, thereby leading
to inadequate learning of sub-optimal actions. To provide
an intuitive understanding of the effectiveness of the re-
selection navigator in scenarios involving waypoint collision
and dynamic collision, we present an example in Fig. 5. As
shown in Fig. 5(a), the agent initially selects the predicted
waypoint located in a non-navigable pool as the sub-target.
The agent then adjusts its sub-target waypoint by re-selecting
a new navigable candidate waypoint (as shown in Fig. 5(b))
and successfully reaches the target (as shown in Figs. 5(c)-
(d)). Moreover, as depicted in Fig. 5(e), to avoid dynamic
collisions, the agent chooses an alternate path to reach the
target (as shown in Figs. 5(e)-(f)). This example demon-
strates that with the re-selection navigator, VLN-CE agents
successfully and efficiently avoid collisions in continuous
environments.

V. CONCLUSION

This letter presented the comprehensive analysis of colli-
sion avoidance in the field of VLN-CE, laying the foundation
for the practical deployment of VLN in real-world applica-
tions. We examined collision scenarios in VLN-CE and their
corresponding influences on the navigation performance.
We proposed a collision-avoidance framework named Safe-
VLN. The proposed method employed occupancy masks to
guide the waypoint predictor towards generating candidate
waypoints in collision-free areas. Additionally, Safe-VLN
incorporated a re-selection navigator to encourage agents
to adapt their actions flexibly, thus preventing them from
becoming trapped in collision areas. We plan to deploy
the proposed Safe-VLN to a real-world robot and conduct
collision avoidance evaluation and analysis. To achieve this,
we will investigate the sim-to-real transfer of Safe-VLN
and explore various methods to enhance the real-world
environmental perception such as augmenting the training
data with real-world observations.
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