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Abstract— In outdoor environments, Vision-and-Language
Navigation (VLN) requires an agent to rely on multi-modal
cues from real-world urban environments and natural language
instructions. While existing outdoor VLN models predict actions
using a combination of panorama and instruction features, this
approach ignores objects in the environment and learns data
bias to fail navigation. According to our preliminary findings,
most instances of navigation failure in previous models were
due to turning or stopping at the wrong place. In contrast,
humans intuitively frequently use identifiable objects or store
names as reference landmarks, ensuring accurate turns and
stops, especially in unfamiliar places. To address this insight
gap, we propose an Object-Attention VLN (OAVLN) model that
helps the agent focus on relevant objects during training and
understand the environment better. Our model outperforms
previous methods in all evaluation metrics under both seen
and unseen scenarios on two existing benchmark datasets,
Touchdown and map2seq.

I. INTRODUCTION

Enabling a robot to navigate real-world environments
using natural language instructions is a longstanding goal
in AI research. Various approaches have been proposed
to achieve this goal in the vision-and-language navigation
(VLN) field [1]–[4]. The VLN task requires the agent to
understand the instructions, ground it in the observable envi-
ronment using visual perception, reason about its position to
objects and how these relations change as it moves through
the environment, and then perform corrective actions to reach
the destination.

Recent studies on outdoor VLN models [4]–[8] have
utilized simple encoder-decoder models that concatenate
instruction features and panoramic features and use a decoder
to predict actions. However, these models struggle with
semantic learning and produce agents that misunderstand
the environment as they ignore objects and tend to learn
biases in the data. Nevertheless, by visualizing the paths
generated by existing methods, we observed that the current
models pay insignificant attention to the object tokens. In
numerous cases, the agent ignores the landmarks specified
by the instructions and erroneously makes a turn or stops at
the wrong location, leading to failed navigation.

Meanwhile, DiagnoseVLN [9] has shown through several
masked experiments that, in the case of outdoor VLN, the
agent prefers to use directional information and ignores
objects from the instructions. However, this is not intuitive
to humans. When navigating in an unfamiliar environment,
humans prefer to use buildings and other objects and scene
text seen along the way as reference landmarks [10]. For
example, as shown in Fig. 1, according to the instructions,

Instruction: Go with traffic to the nearest intersection. Keep straight at the intersection. Turn right 
at the next intersection. Black iron fence will be on your right. Look right for the line of blue bikes 
before the end of the next intersection. Stop just before the last blue bike.
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Fig. 1. Objects are important clues in outdoor VLN. Our Object-Attention
VLN model is designed to navigate using this information. 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.’

people should turn right at the ‘fence’ and stop at ‘the last
blue bike.’ These objects provide crucial clues in outdoor
VLN.

Inspired by the significant results of object-aware indoor
VLN models [11]–[17] have demonstrated the utility of
using object features. We believe better use of landmarks in
outdoor VLN scenarios is more rational for navigation and
may improve navigation performance. However, it should be
noted that the scenarios that indoor models can accommodate
are often narrow. Indoor scenario typically takes place in a
stable, structured environment. In contrast, outdoor environ-
ments are much more complex and diverse and often lack
well-defined structures or clear boundaries. Consequently,
navigating outdoors requires recognizing a wide range of
visual cues, including natural and man-made features.

To address the abovementioned limitations, we propose 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 demonstrate the
effectiveness of our proposed method, we have extensively
experimented on the Touchdown [4] and map2seq [18]
dataset with four baselines outdoor VLN models [4], [5],
[7], [8]. The experimental results show that our model
outperformed existing methods, even in unseen scenarios.
Our qualitative results further verify that the improvement
comes from agents’ improved capability to utilize objects
more effectively and to turn or stop at suitable locations.
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II. RELATED WORKS

A. Vision-and-language Navigation.

VLN unites two scenarios: first, of indoor scenario, the
first VLN benchmark R2R [1] was proposed for the indoor
scenario based on Matterport3D [19], along with a multi-
modal Seq2Seq baseline model. Several indoor VLN bench-
marks were created by extending R2R with other languages,
such as XL-R2R [20] and RxR [2]. Touchdown [4] dataset
was proposed as the first outdoor VLN benchmark and based
on Google Street View1, which provided a more unstable
environment. Subsequently, the datasets StreetLearn [21],
Retouchdown [22], StreetNav [23], map2seq [18], and
Talk2Nav [24] for outdoor VLN were proposed.

Several VLN task methods have been recently proposed
for these benchmarks. RCONCAT [4] is the baseline model
presented in the original Touchdown study, and it encodes
the trajectory and the instructions in an LSTM-based model.
ARC [6] proposed ARC+l2s, which cascades the action
prediction into a binary stopping decision and subsequent
direction classification. VLN-Transformer [7] uses a pre-
trained BERT [25] applied to an external multimodal dataset
to enrich the navigation data. GA [5] uses gated attention to
compute a fused representation of instructions and images to
predict actions. ORAR [8] adds junction-type embedding and
a heading delta to train a general model, reducing the perfor-
mance gap between seen and unseen environments. However,
these outdoor VLN models exclusively utilize LSTM as their
encoder-decoder architecture to encode the instructions and
predict the actions. This architecture constrains the model’s
ability to focus on particular semantics, such as objects,
which are crucial clues in VLN.

B. Object-aware VLN.

To handle fine-grained information, such as objects, and
to facilitate simultaneous understanding of instructions and
visuals, Vision-and-language pre-trained models such as ViL-
BERT [26] have been widely adopted in VLN because they
can provide good joint features for better understanding of
instructions and environmental features. ORIST [27] was
trained with specific features such as objects and rooms.
OAAM [11] extracted tokens from instructions and encoded
object tokens to predict actions. SOAT [13] uses a scene
classification network and an object detector to produce
features that match these two distinct visual cues. However,
these VLN models focused on indoor scenarios, which are
the most static environments. The vast urban areas being
navigated lead to a much larger space for the agent to explore
and contain a broader range of encountered objects in the
visual environment. Therefore, outdoor VLN requires special
treatment in recognizing these diverse objects and using them
to understand the environment better. We consider the insta-
bility of the outdoor environment, such as the weather, and
use scene text recognition to recognize the names of stores
and objects in the outdoor environment while navigating.

1https://developers.google.com/maps/documentation/streetview/intro

Start
Target

Predicted trajectory’s nodes
Ground-truth trajectory

Instruction: 
Go with traffic, the playground will be on your right. turn left at the first intersection. 
Turn left again at the next intersection. Green scaffolding will be on your right. 
Turn left at the next intersection. A fruit market will be on the corner. Look left and 
stop just pass all the backpacks at the store with a yellow banner.
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Fig. 2. Example of visualization of the ORAR model on the Touchdown
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.

III. PRELIMINARY

A. VLN Problem Definition

The VLN task requires an agent in an environment to fol-
low natural language instruction X = {x1,x2, . . . ,xl}, within
an environment represented as an undirected graph with
nodes v ∈ V and labeled edges (v,u) ∈ E. Each node is
associated with a panoramic RGB image, and each edge
connects nodes to neighboring panoramas at the heading
angle α(v,u). The state of the agent at time t is defined by
st =(vt ,α(vt−1,vt )). Following the instructions X , the agent ex-
ecutes an action at ∈ {FORWARD, LEFT, RIGHT, STOP}
and is updated to the next state st+1. Ultimately, the agent
produces a sequence of state-action pairs, culminating in the
action an = STOP to reach its destination.

B. What do agents focus on when navigating?

DiagnoseVLN [9] reports that task completion nearly
drops to zero when the masking direction word tokens
are during testing only and that masking out the object
tokens has a weaker impact on task completion rate than
the masking direction tokens. The authors concluded that
direction tokens were more important than object tokens
for VLN tasks and suggested that future work explore the
use of direction tokens in greater depth. While it may seem
counterintuitive, the importance of different types of tokens
may vary depending on the specific task and environment
being navigated. Object tokens are sometimes more efficient
in pinpointing landmarks and deciding turns.

Therefore, to determine which tokens the trained agent
was paying attention to during outdoor navigation, we visu-
alized the generated trajectory with the Google Map API2.
We plotted a heatmap of instruction attention weight for
the ORAR [8] model. Fig. 2 shows an example of the

2https://developers.google.com/maps/documentation
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visualization. The x-axis of the heatmap represents each
token of the instructions, while the y-axis represents the
predicted actions of the agent at each timestep. Each grid on
this heatmap indicates attention received by a token when
the agent predicted the action. The more attention a token
receives, the brighter color of the grid. This example shows
that the agent was instructed to stop at ‘the store with a
yellow banner’, but ignored this information and turned left
at the next junction, eventually stopping at the wrong location
to fail navigation. The heatmap shows that the attention
weight for ‘the store with a yellow banner’ was almost zero
during navigation. Furthermore, we analyze the attention
weight of object tokens in the instructions from the test set,
and the average weight of each object token is 0.128 in the
instructions. According to the preliminary results reported
above, existing outdoor VLN models cannot pay attention
to object tokens during navigation, leading to turning or
stopping at the wrong location. Additionally, even some non-
content words, like ‘the’, have more attention than object
tokens, indicating that the existing model has been learning
data biases by ignoring objects.

IV. OBJECT ATTENTION VLN
In this section, we introduce the proposed model for

outdoor VLN. As illustrated in Fig. 3, the proposed model
architecture comprises a two-layer decoder to generate a
sequence of agent actions based on four input sequences:
navigation instructions text, panorama features, object fea-
tures, and scene text. The model computes a visual repre-
sentation of the current agent state within the environment at
each decoding timestep, considering the previously predicted
actions. Specifically, the first decoder layer encodes both
metadata and visual representations, including panorama and
object features, whereas the second layer encodes contex-
tualized text, such as attention-based panorama and object
features, attention-based scene text, navigation instruction
text, and current timestep, to predict the next action. The
model follows a sequence-to-sequence architecture, with the
input sequences processed sequentially to generate the output
sequence of agent actions.

Instruction Encoder. The instruction encoder embeds and
encodes the tokens in the navigation instructions sequence
x = x1, ...,xL using a bidirectional LSTM [28]:

x̂i = embedding(xi) (1)
((w1, ...,wL),zw

L )) = Bi-LSTM(x̂1, ..., x̂L) (2)

where w1, ...,wL are the hidden representations for each token
and zw

L is the last LSTM cell state.
Panorama Encoder & Object Encoder At each timestep

t, the panorama at the current agent position is represented
by extracted visual features. We sliced the panorama into
eight projected rectangles with 60◦ fields of view, such that
one of the slices aligned with the agent’s heading. There are
five slices of a panorama: the center slice and the two left
and right. We then fed the five slices into pre-trained ResNet-
50 [29] on ImageNet [30] to extract high-level features. Each
slice feature vector p̄s

t was of size 2,048. Then, we extract

Feed-forward Network

Instruction Encoder Panorama EncoderObject Encoder

Scene
Text Encoder

Scene Text Filter

1st LSTM layer

  Prev. Action   Object Features   Pano Features

Instruction

Paranoma

Head through the first two
lights, passing Dominique….

Mutli-head Attention Layer

2nd LSTM layer

Time Step

Fig. 3. Overview of the proposed model.

20 objects from each slice. Each object is represented by
features extracted using a pre-trained ResNet-101 [29] on
Visual Genome3, and the feature vector for each slice vector
of objects ōs

t also has a size of 2,048.
Scene Text Filter & Scene Text Encoder. For improved

scene text from low-quality panorama images, we developed
a Scene Text Filter. We use the Object Encoder to detect
the entire panorama to identify the ‘sign’ regions. Then, we
applied scene text recognition only to these ‘sign’ regions
using the MMOCR [31] model on SAR [32] model for
text recognition. Finally, we corrected the recognition results
using the closest scene text mentioned in the instructions.

These scene text e = e1, ...,eM were embedded and en-
coded by a bidirectional LSTM:

êi = embedding(ei) (3)
((w1, ...,wM),zw

M)) = Bi-LSTM(ê1, ..., êL) (4)

where w1, ...,wM are the hidden representations for each
token and zw

M is the last LSTM cell state.
Decoder The panorama encoder, as described in detail

above generates a fixed size representation p̄t of the sequence
of sliced visual representations of the current panorama view,
denoted as p̄1

t , ..., p̄S
t . Similarly, the object encoder emits a

fixed size representation ōt of the objects in the current
panorama and a sequence of sliced view representations
ō1

t , ..., ō
S
t . The state z f irst

0 of the cell in the first decoder
LSTM layer was initialized using zw

L . The input to the first
decoder layer was the concatenation (⊕) of previous action
embedding āt−1, visual representation p̄t and object features
ōt . The output of the first decoder layer,

h f irst
t = LSTM f irst([āt−1 ⊕ p̄t ⊕ ōt ]), (5)

was then used as the query of multi-head attention [33]
over the text encoder. The resulting contextualized text
representation cw

t was then used to attend over the sliced
visual representations cp

t , object representations co
t , and scene

3http://visualgenome.org/
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text encode ce
t . The input and output of the second decoder

layer were

hsecond
t = LSTMsecond([t̄ ⊕h f irst

t ⊕ cp
t ⊕ co

t ⊕ ce
t ]), (6)

where t̄ represents embedded timestep t. The hidden repre-
sentation hsecond

t from the second decoder layer goes through
a feed-forward network to predict action at .

V. EXPERIMENTS

A. Experimental Setup

Implementation Details. Our framework and baselines were
developed in PyTorch [34]. ResNet50 [29] was used for
panorama features, while Faster R-CNN [35], pretrained
on Visual Genome [36] with ResNet101 [29], was used
for object features with an IoU score of 0.6. Scene text
was recognized using MMOCR [31]. The object tokens in
instructions were summarized with stanza [37], which also
optimized scene text recognition by a sequence matching
algorithm [38] with 0.8 similarity score. The models were
trained using Adam [39] under teacher-forcing, with param-
eters such as a learning rate of 5e-4, weight decay of 1e-
3, batch size of 64, and dropout rates of 0.3. After 150
epochs, the top model was selected from the development
set. Instructions and scene texts were converted to byte pair
encodings [40] with a 2,000 token vocabulary and embedded
at 256. Other embeddings were 256 and 16 in size.
Datasets: The Touchdown [4] and map2seq [18] dataset use
urban scenarios to create a large navigation environment
based on Google Street View4. The environment simulates
NYC, comprising 29,641 nodes and 61,319 undirected edges.
The touchdown dataset includes 9,326 navigation trajecto-
ries, each paired with human-written instructions based on
the corresponding panoramas, within 6,525 training, 1,391
development, and 1,409 test samples. The instructions in
map2seq instead focused on visual landmarks from Open-
StreetMap. map2seq comprises 7,672 navigation instructions,
segmented into 6,072 training, 800 development, and 800 test
samples. Furthermore, we followed ORAR [8] to split the
datasets based on the geographic separation of the training
and testing areas for the unseen scenario.
Baselines. We compared our model to previous studies on
outdoor VLN, including RCONCAT [4], GA [5], VLN-
Transformer [7], and ORAR [8]. These models use an LSTM
to encode the instruction text and a single-layer decoder
LSTM to predict the next action. We selected these models
because they do not specifically handle on-the-route object
features in detail. By comparing our results with these
baseline models, we demonstrated that incorporating on-the-
route object features benefits outdoor VLN.
Metrics. The following metrics were used to evaluate the
VLN performance: (1) Task Completion (TC): This metric
measures the navigation accuracy of the agent to the correct
location, which can be either the exact goal panorama or
one of its neighboring panoramas. (2) Shortest-Path Distance

4https://developers.google.com/maps/documentation/streetview/overview

(SPD) [4]: This metric calculates the average distance be-
tween the final position of the agent and the goal position
in the environment graph. (3) Success weighted by Edit
Distance (SED): This metric calculates the normalized Lev-
enshtein edit distance [41] between the predicted and ground-
truth paths, only awarding points for successful paths. (4)
Coverage weighted by Length Score (CLS) [42]: This metric
measures the similarity between the path of the agent and the
ground-truth path. (5) Normalized Dynamic Time Warping
(nDTW) [43]: This metric measures the cumulative distance
between the predicted and ground-truth paths. (6) Success-
weighted Dynamic Time Warping (SDTW): This metric is
the nDTW value calculated only for successful navigations.

B. Quantitative Results

In this section, we report the outdoor VLN performance
and the quality of object features to validate the effectiveness
of our proposed OAVLN model. We compared the results on
seen and unseen scenarios and discussed the influence of on-
the-route objects and scene text in the outdoor VLN.
Seen Scenario. Tab. I compares our model with other
studies in seen scenarios. Our model outperformed the
baselines in each metric, showcasing the effectiveness of
the different types of datasets. Notably, our model made
significant improvements in the path alignment metrics (CLS,
sDTW), highlighting the power of object feature attention
by instructions to increase instruction following and goal
achievement. In particular, OAVLN(+scene text) caused a
6% rise in goal-oriented metrics (TC, SED) on the map2seq
dataset, indicating that our model uses objects to stop better
than baselines. The Touchdown boost was minor as the
map2seq instructions focused more on the objects.
Unseen Scenario. Tab. II shows the results of our model
with other studies on unseen scenarios. The results are
presented separately for both datasets’ development and test
sets. While a comparison of all studies on the seen scenarios
was reduced in the unseen environment, we still achieved
a 3% improvement in both TC and nDTW compared to
previous studies. These results indicate that OAVLN can
follow instructions and complete tasks with higher accuracy
and reliability in the unseen scenario. The detailed on-the-
route object features can help the agent identify turn and stop
locations in unseen environments.

C. Qualitative Results

Visualization of trajectories. We provided visualizations
of four qualitative examples to illustrate further how our
OAVLN model learns to stop better and turn at the correct
location in Fig. 4. This was achieved by leveraging object
features, scene text, and language features, enabling OAVLN
to comprehend the environment more effectively and archive
more reliable navigation decisions. As shown in Fig. 4,
the baseline often overlooks landmarks signifying key turns
or stops. Specifically, in 4(a) and 4(b), it misunderstands
instructions and its surroundings, turning wrongly. In 4(c)
and 4(d), it stops early, neglecting subsequent direction
details. Contrarily, our agent turns and stops correctly.
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TABLE I
NAVIGATION RESULTS ON TOUCHDOWN AND MAP2SEQ FOR THE SEEN SCENARIO.

Dataset Touchdown map2seq

Model TC↑ SPD↓ SED↑ CLS↑ nDTW↑ sDTW↑ TC↑ SPD↓ SED↑ CLS↑ nDTW↑ sDTW↑

RCONCAT [4] 8.94 22.48 8.55 43.23 18.20 7.98 14.62 20.61 14.30 54.18 27.43 13.76
GA [5] 9.87 20.34 9.42 47.77 21.51 8.92 17.88 18.25 17.55 58.56 31.46 17.08
VLN Transformer [7] 14.90 21.20 14.60 45.40 25.30 14.00 17.00 - - - 29.50 -
ORAR [8] 24.23 17.30 23.70 56.87 37.20 22.87 43.96 6.93 43.09 82.97 60.43 41.78

Ours (+scene text) 24.77 15.98 24.14 59.93 37.64 23.14 50.00 6.11 49.04 84.77 65.39 47.45
Ours (+objects) 25.90 16.04 25.40 60.84 39.00 24.47 49.00 6.40 48.08 84.28 63.38 46.75

TABLE II
NAVIGATION RESULTS FOR THE UNSEEN SCENARIO.

Dataset Touchdown map2seq

dev test dev test

Model TC↑ nDTW↑ TC↑ nDTW↑ TC↑ nDTW↑ TC↑ nDTW↑

RCONCAT [4] 2.3 3.9 1.9 3.5 2.0 3.7 2.1 3.8
GA [5] 1.8 3.6 2.2 4.0 1.8 3.9 1.7 4.1
VLN Transformer [7] 2.3 4.7 3.1 5.2 3.6 6.2 3.5 6.1
ORAR [8] 8.50 11.13 8.76 11.74 23.88 34.34 22.12 32.69

Ours (+scene text) 9.25 12.83 8.12 11.73 26.25 35.63 25.25 35.49
Ours (+object) 10.25 13.86 8.63 12.12 25.87 35.27 25.37 36.56

TABLE III
ACCURACY OF MODELS AT STOP AND TURN LOCATIONS.

Touchdown map2seq
Stop Turn Stop Turn

Seen
ORAR 72.70% 60.48% 50.89% 6.10%
Ours 73.51% 62.94% 59.90% 12.00%

Unseen
ORAR 92.26% 26.97% 71.15% 6.34%
Ours 93.17% 28.90% 80.08% 12.25%

Baseline Ours

Instruction: Go to the light and turn right. Proceed straight through one more light until reaching the following 
light passing a Chipotle and Potbelly's on the right. Leather Impact is on the far right corner. Turn left here and 
proceed straight and stop in front of Sil Thread Inc and Jonathan Embroidery, before the next light.

Start 
Predicted trajectory’s nodes

Ground-truth trajectory
Target

Ground truth trajectory’s nodes

(a) A case where the baseline model turns at the wrong place

Baseline Ours

Instruction: Head to the second light and make a left. At the next intersection with NYU on the right make a 
right. Head past the first intersection and at the T make a left. Stop just past the Dunkin' Donuts on your left 
after you turn.

(b) A case where the baseline model turns at the wrong place

Baseline Ours

Instruction: Head to the first light and make a right. You will pass through two more lights and at the third light 
you will make a left. There will be a Starbucks on your left once you turn. Head down the street and stop in front 
of Scarlatto Restaurant. You have gone too far if you hit Hotel Edison.

(c) A case where the baseline model stops at the wrong place

Baseline Ours

Instruction: Proceed to the traffic light and should see a library on the corner. Turn right and proceed straight 
through two more lights. At the third there is a Deccan Spice and Curry in a Hurry on the corners. Turn left here 
and proceed halfway down the block and stop near Copper Chimney on the left and a large parking area on the 
right.

(d) A case where the baseline model stops at the wrong place

Fig. 4. Visualizations of baseline and our model. Four examples from the test set show the success of our approach, but the baseline model stops too
early or turns at the wrong place. Left: trajectory generated by ORAR. Right: trajectory generated by OAVLN model. The red text in the instructions is
where the existing method made a mistake when generating the path. The orange text represents the object tokens.
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In addition, we calculated the agent’s accuracy in pre-
dicting actions at locations where it needed to stop or turn,
and the results are presented in Tab. III. Especially for stop
accuracy, we defined wrong stops as examples where the
agent was within five steps of reaching the goal but stopped
at the wrong location. Tab. III indicates that our OAVLN had
a lower percentage of navigation failures due to wrong turns
and stops than ORAR.
Token Masking. To further prove that our proposed model is
more object-focused than previous methods, we ran masking
experiments similar to ORAR [8] and DiagnoseVLN [9].
We masked the object tokens during the test only. Fig. 5
shows the changes in task completion rates when masked
object tokens were used. From the widening gap between
our study and previous studies, our model enabled learning
object tokens from the instructions and panoramas. This
finding disagrees with DiagnoseVLN [9], which reports that
the object tokens are not crucial for navigating.

To illustrate, in Fig.6(a), ORAR emphasizes the sentence’s
initial segment, while OAVLN values the time series sen-
tence, highlighting object tokens. We examined the attention
weight of object tokens in the test set. As detailed in sec-
tion III-B, ORAR’s average attention is 0.128, and OAVLN’s
is 0.374 for instruction object tokens.
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Fig. 5. Changes in the navigation performance (TC metrics) when masking
object tokens in instructions on Touchdown seen scenario data.

D. Analysis

Our OAVLN works well in a seen scenario and an unseen
environment, proving that the on-the-route object feature is
helpful for outdoor VLN. The results shown below indicated
that the ‘object feature’ and ‘scene text’ are necessary. It can
help the agent focus on on-the-route objects, enabling the
agent’s localization. Specifically, OAVLN assists the agent
in turning and stopping more accurately, which is a more
intuitive approach. Therefore, even in unknown locations,
OAVLN can use surrounding objects as references to reach
the goal. Moreover, our work highlights the importance of
leveraging contextual information, such as scene text, in
navigation tasks. Our approach could serve as a starting point
for future research in this area and inspire the development
of more advanced models that can better use the contextual
information available in real-world environments.
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(a) Heatmap of ORAR
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(b) Heatmap of OAVLN

Fig. 6. Comparison of ORAR and OAVLN models on instruction attention
weights. The red text in the x-axis is the object tokens.

VI. DISCUSSION

In this paper, we address the oversight of object tokens
in current outdoor VLN models, which leads to naviga-
tion failures; we present the OAVLN model incorporating
on-the-route object information to improve outdoor VLN
performance. Our extensive experiments on two large-scale
datasets show that OAVLN outperforms existing methods in
both seen and unseen environments. Additionally, we provide
visualizations to illustrate how our model learns to pay more
attention to objects, leading to a better understanding of the
environment and improved navigation ability.
Limitation Our model may still be affected by the data
biases in the scene text encoder and object encoder and
need further enhancement for better generalization. Addi-
tionally, the proposed method requires significant computing
resources and training time, which may limit its practical ap-
plications. Future research can explore reducing the model’s
computational cost and training time.
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