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Abstract

Outdoor Vision-and-Language Navigation (VLN) requires an
agent to navigate through realistic 3D outdoor environments
based on natural language instructions. The performance of
existing VLN methods is limited by insufficient diversity in
navigation environments and limited training data. To address
these issues, we propose VLN-VIDEO, which utilizes the di-
verse outdoor environments present in driving videos in mul-
tiple cities in the U.S. augmented with automatically gener-
ated navigation instructions and actions to improve outdoor
VLN performance. VLN-VIDEO combines the best of in-
tuitive classical approaches and modern deep learning tech-
niques, using template infilling to generate grounded navi-
gation instructions, combined with an image rotation simi-
larity based navigation action predictor to obtain VLN style
data from driving videos for pretraining deep learning VLN
models. We pre-train the model on the Touchdown dataset
and our video-augmented dataset created from driving videos
with three proxy tasks: Masked Language Modeling, Instruc-
tion and Trajectory Matching, and Next Action Prediction,
so as to learn temporally-aware and visually-aligned instruc-
tion representations. The learned instruction representation
is adapted to the state-of-the-art navigator when fine-tuning
on the Touchdown dataset. Empirical results demonstrate that
VLN-VIDEO significantly outperforms previous state-of-the-
art models by 2.1% in task completion rate, achieving a new
state-of-the-art on the Touchdown dataset.

Introduction

Vision-and-Language Navigation (VLN) requires an agent
to navigate through 3D environments based on natural lan-
guage instructions (Mirowski et al. 2018; Anderson et al.
2018; Misra et al. 2018; Thomason et al. 2019; Nguyen and
Daumé III 2019; Chen et al. 2019; Shridhar et al. 2020; Qi
et al. 2020; Ku et al. 2020; Mehta et al. 2020). A critical
bottleneck in improving models for VLN tasks is the lim-
ited availability of training data. Training data for VLN are
usually collected with human annotation, where multiple an-
notators write instructions for a sampled trajectory in the
environment. Additional annotators read these instructions
and navigate accordingly to evaluate their quality and clar-
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ity. This annotation process is expensive and time consum-
ing, which makes it hard to collect a large dataset for VLN.

Many methods have been proposed to solve the data
scarcity problem in VLN. For indoor VLN, several works
leverage pre-trained multi-modal representations from large
datasets such as BookCorpus (Zhu et al. 2015) for natu-
ral language and Conceptual Captions (Sharma et al. 2018)
for images, and further enhance the agent with specific do-
main knowledge by pre-training on an in-domain navigation
dataset (Hao et al. 2020; Majumdar et al. 2020; Chen et al.
2021; Qiao et al. 2022), sometimes enhanced with additional
out of domain images (Guhur et al. 2021; Li, Tan, and Bansal
2022; Liu et al. 2021; Chen et al. 2022b). Other works per-
form multimodal augmentation by training a speaker model
to generate synthetic navigation instructions for unlabeled
trajectories (Hao et al. 2020; He et al. 2021; Dou and Peng
2022; Fried et al. 2018; Tan, Yu, and Bansal 2019). Such
augmentation methods can result in promising performance
gains but prior results have focused primarily on indoor en-
vironments, in contrast to our focus on outdoor VLN. Ad-
ditionally, most of these approaches do not introduce new
training environments to improve generalization to unseen
environments. Some add out of domain images (Guhur et al.
2021) but they lack the temporal information that could help
an agent learn causality between actions and consequent ob-
servations. To address these problems, we propose to uti-
lize large video datasets that have diverse new environments
and both spatial and temporal information for pre-training to
further enhance the ability of trained agents to reason. Ad-
ditionally, if we can effectively utilize video for pretraining
VLN agents, there exist a number of other video datasets
(Chen et al. 2018; Grauman et al. 2022; Pirsiavash and Ra-
manan 2012; Fabian Caba Heilbron and Niebles 2015; Abu-
El-Haija et al. 2016) that could be potentially useful for in-
door or outdoor VLN tasks.

In this work, we propose VLN-VIDEO, a new data aug-
mentation method that enhances outdoor VLN by learning
from driving videos (Figure 1). We process driving videos
from the BDD100k dataset (Chen et al. 2018) to obtain pre-
training data for the Touchdown dataset (Chen et al. 2019).
To utilize driving videos for pre-training, we need to gener-
ate language navigation instructions for each video and pre-
dict navigation actions - move forward, turn left or turn right
- between each pair of consecutive frames. Learning the in-
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Figure 1: Overview of our proposed method VLN-VIDEO: We annotate driving videos with synthetic navigation instructions
by extracting instruction templates from the Touchdown dataset and filling them with actions predicted using our image rotation
similarity based navigation action predictor and objects detected using a pre-trained object detector. We pre-train VLN models
on both the processed video data and Touchdown data to learn better domain knowledge with three proxy tasks. Lastly, we
transfer the learned language representation to VLN via fine-tuning.

struction generator is challenging for three reasons. First, the
entities referenced in outdoor navigation follows a long-tail
distribution, where an object such as “intersection” appears
in 29% of the sentences in the instructions. This when com-
bined with the small size of the training set and long average
instruction length of 89.6 words causes a speaker model to
overfit to frequently occurring objects and generate repeti-
tive instructions. Further, the entities mentioned in the in-
struction only take a small portion of the observation and
are unlikely to be centered in the image, which make it diffi-
cult to learn the alignment between observations and instruc-
tions. Finally, the large domain gap between Touchdown im-
ages in Manhattan and BDD100K videos in a larger number
of cities makes transferring a speaker model challenging.

To effectively generate synthetic instructions for driving
videos, we propose a template infilling method that explic-
itly incorporates objects detected in environments to have
richer entity references and less repetition. Due to the above
challenges of training speaker models in our setting, we pro-
pose a template based method for generating navigation in-
structions - masking out noun phrases and navigation direc-
tions from the original instructions, and filling them with
select objects detected in the observation by a pre-trained
object detector and navigation actions predicted using an in-
tuitive image rotation similarity based predictor.

With the augumented data from videos, we pre-train the
agent with three proxy tasks: Masked Language Modeling,
Instruction and Trajectory Matching, and Next Action Pre-
diction to learn temporally-aware and visually-aligned in-
struction representations. We adapt the learned instruction
representations to the state-of-the-art navigation agent and
fine-tune it on the Touchdown dataset.

We show that VLN-VIDEO significantly improves over
non-pre-training baselines by 2.1% in task completion rate
(TC) on the Touchdown (Chen et al. 2019) test set, achiev-
ing the new state-of-the-art for Touchdown. We improve
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over pre-training with only in-domain data by 2.9% TC on
the validation set and demonstrate that pre-training on the
synthetic data generated with our template infilling method
on StreetLearn dataset achieves better performance than the
style-transferred Google Maps instructions (Zhu et al. 2021).
We also show that our template infilling method and rota-
tion similarity based action predictor work better than learn-
ing based methods, improving the performance by 7.4% and
3.2% TC respectively. Finally, we qualitatively show that our
generated instructions align with the trajectory better.

Related Work

Vision-and-Language Navigation. Vision-and-Language
Navigation is a task that requires an agent to navigate
through a 3D environment based on natural language in-
structions and egocentric visual observations. Many datasets
have been proposed for this task (Mirowski et al. 2018; An-
derson et al. 2018; Misra et al. 2018; Chen et al. 2019;
Shridhar et al. 2020; Qi et al. 2020; Ku et al. 2020; Mehta
et al. 2020). While substantial progress has been made for
indoor VLN (Chen et al. 2021, 2022b; Kim, Li, and Bansal
2021; Wang et al. 2019; Lin et al. 2022; Chen et al. 2022a;
Fu et al. 2020), outdoor VLN is still an under-explored
area (Zhu et al. 2021; Schumann and Riezler 2022; Xi-
ang, Wang, and Wang 2020; Armitage, Impett, and Sennrich
2022). Prior work includes an LSTM navigation agent with
cross modal attention to ground instructions in navigation
history (Schumann and Riezler 2022), using trajectory traces
as external knowledge to aid agents’ navigation (Armitage,
Impett, and Sennrich 2022), and using a transformer based
architecture combined with a data augmentation method
that transfers the style of the instructions in the StreetLearn
dataset (Mirowski et al. 2019) subsequently used for di-
rectly pre-training the agent with the downstream navigation
task (Zhu et al. 2021). We explore a new data source - driv-
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ing videos - for data augmentation to enrich the navigation
environments, which requires novel techniques for instruc-
tion generation and navigation action prediction.

Data Augmentation in Vision-and-Language Navigation.
Data scarcity is a core problem in VLN. Many works at-
tempt to learn deep learning based speaker models to gener-
ate synthetic instructions for unannotated paths in the Mat-
terport 3D (Chang et al. 2017) environments to improve
performance on indoor VLN datasets set in these environ-
ments (Tan, Yu, and Bansal 2019; Hao et al. 2020; Fried
et al. 2018; Dou and Peng 2022; He et al. 2021; Zhao et al.
2021). Recent research aims to augment indoor navigation
environments by mixing (Liu et al. 2021) or editing (Li, Tan,
and Bansal 2022) existing environments and utilizing exter-
nal room images (Guhur et al. 2021; Chen et al. 2022b).
For outdoor VLN, prior work transfers the style of the in-
structions in the StreetLearn dataset (Mirowski et al. 2019)
to match the instruction style on Touchdown dataset (Zhu
et al. 2021). This also provides an augmented navigation en-
vironment as StreetLearn covers a larger geographical area
compared to Touchdown. However, their approach is depen-
dent on the existence of ground truth navigation instruc-
tions in the dataset used for augmentation. VLN-VIDEO
proposes an instruction generation method that does not rely
on ground truth navigation instructions, and is the first to ex-
plore the utilization of videos as a source for augmented data
in outdoor VLN.

Utilizing Videos in Pre-training. Videos have been uti-
lized during pre-training for downstream tasks such as text-
to-video retrieval (Xu et al. 2016; Krishna et al. 2017,
Rohrbach et al. 2015), video question answering (Xu et al.
2017; Jang et al. 2017; Lei et al. 2018), and video clas-
sification (Goyal et al. 2017; Kay et al. 2017). Recently,
videos have been used in pre-training for non-video tasks
such as playing a video game - Minecraft (Baker et al.
2022), and pre-training the policy representation for a driv-
ing agent (Zhang, Peng, and Zhou 2022). However, these
works focus on uni-modal tasks. Our paper is the first to
explore utilizing videos during pre-training for multi-modal
instruction-guided navigation tasks.

Generating VLN Data from Driving Videos
In this section, we explain the challenges in generating syn-
thetic instructions for videos data. Next, we describe our
approach that automatically generates large-scale VLN data
from caption-less driving videos. Specifically, we use driv-
ing videos from the training set in BDD100k (Chen et al.
2018). Our template infilling based generation approach
contains three parts: instruction template extractor, image
rotation similarity based navigation action predictor, and ob-
ject detector. We first extract instruction templates from the
training data in the Touchdown dataset. We then predict nav-
igation actions between consecutive frames, detect objects
in the current observation, and use these to fill templates to
obtain navigation instructions.

Challenges of Instruction Generation from Videos

Although many works have explored generating synthetic
instructions from navigation trajectories for indoor VLN
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using deep learning models, such models fail the outdoor
Touchdown dataset for three reasons:

Difficulty in Aligning Objects in Observations with En-
tities in Instructions. The objects referenced by entities in
outdoor VLN instructions usually take up a small area in
the full panoramic outdoor image observation. This makes
it more difficult for a deep learning model to learn the
cross-modality grounding between the instruction and the
observation, which is crucial for learning a good instruc-
tion generator. VLN models trained on these datasets are
also found to rely less on detected objects - it is shown that
even when 100% of the objects are masked out in the in-
struction, an LSTM VLN model’s performance only drops
by less than 3% in task completion (Schumann and Rie-
zler 2022). Further, although the navigation instructions in
Touchdown (Chen et al. 2019) have rich references to en-
tities in each instruction, these follow a long-tail distribu-
tion. This imbalance hinders the ability of a speaker model
to learn the alignment between observations and instructions
based on object information, and causes speaker models to
overfit to objects that appear frequently.

Large Environment Gap between Navigation Environ-
ment and Driving Videos. There usually exists little to no
gap between the training and inference environments for a
speaker model for indoor VLN. Most works use the speaker
model to generate synthetic instructions on un-annotated
paths in the same environments (Tan, Yu, and Bansal 2019;
Hao et al. 2020; Dou and Peng 2022; Fried et al. 2018; He
et al. 2021). Given the large gap between the panorama ob-
servations in Touchdown environments and egocentric views
in the driving videos, the performance of directly adapting a
speaker model trained on Touchdown environments to driv-
ing videos is very low. Although the large domain gap poses
challenges in generating synthetic instructions for videos, it
also has the potential to enrich the navigation environments
with more diverse visual observations from driving videos.
Long Instructions and Trajectories in Outdoor Navi-
gation. The instructions in Touchdown are almost three
times longer than the instructions in the indoor VLN dataset
Room-to-Room (Anderson et al. 2018), with an average
length of 89.6 words. Further, the trajectories in Touchdown
are nearly six times longer than the trajectories in Room-
to-Room (35.2 vs. 6 steps on average). However, Touch-
down only contains 6,526 training examples in contrast to
14,052 for Room-to-Room. The long instruction and trajec-
tory length and limited available training data makes it hard
to learn a speaker model that generates faithful navigation
instructions.

We show in analysis that a speaker trained on Touchdown
fails to generate high quality instructions for BDD100K
videos, while our template infilling approach can generate
instructions with rich entity mentions and little repetition.

Instruction Template Extraction

We extract instruction templates from the training data of the
Touchdown dataset. The template extraction method con-
sists of two steps. First, we detect noun phrases and di-
rection words in the sentence using an LSTM-CRF model
with a pre-trained sequence labeling embedding (Akbik,
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Figure 2: Overview of our proposed method to detect the turn between consecutive frames in driving videos, and generate

synthetic instructions with template infilling method.

Blythe, and Vollgraf 2018) to chunk the instructions. The
sequence labeling embedding is a contextualized character-
level word embedding, which is learned by optimizing the
next character prediction task. We mask noun phrases with
<OBJECT> tokens and filter out templates that have multi-
ple <OBJECT> tokens to reduce the probability of nonsen-
sical sentences resulting from strange combinations of ob-
jects (for example we would want to avoid generating a sen-
tence such as: <Street sign> should be <intersection> to
your right). We then categorize templates into “turn”, “for-
ward” and “stop” templates by searching for the keywords
“right”, “left”, “forward” and “stop” since humans tend to
write instructions differently for each of these types. We fil-
ter out templates that contain multiple direction words so
that each template matches with one specific action. We then
use GPT-2 (Radford et al. 2019) to filter out templates with
low generation probability. Specifically, for every template,
we fill in the most frequently appearing objects (signboard,
traffic light, awning, telephone pole) and the direction words
(“left”, “right”, “forward”, “stop”), calculate its generation
loss with GPT-2, and filter out templates with high genera-
tion loss. We filter out half of the templates with GPT-2. In
total, we extract 3,004 templates for turn actions, 269 tem-
plates for forward actions, and 92 templates for stop actions.

Image Rotation Similarity Based Navigation
Action Prediction from Driving Videos

Touchdown (Chen et al. 2019) contains a graph of the navi-
gation environments, where each node contains a panorama
observation and its heading, and edges indicate connectivity
between panoramas. Navigation actions can be derived from
heading changes between two consecutive panoramas. How-
ever, video datasets do not have explicit heading annotation
for each frame to derive navigation actions between consec-
utive frames. Thus, we need to generate actions for driving
videos as pseudo labels for pre-training tasks such as next
action prediction. We additionally utilize the predicted ac-
tions to generate more accurate instructions.

One standard way to predict an action on the driving video
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dataset is to learn an action predictor on the Touchdown
dataset. However, the action distribution in Touchdown is
imbalanced with 91% of the actions as “forward” actions.
We experiment with three models for navigation action pre-
diction: a multi-layer perceptron which takes in observations
at two consecutive steps, an LSTM based decoder and a
transformer based decoder that takes in the full navigation
history. We also use under-sampling and weighted cross-
entropy loss to mitigate the data imbalance. Though the best
model achieves 82% macro average accuracy on Touchdown
validation data, when adapted to driving videos, they predict
the “forward” action for almost all pairs of frames, likely
due to the domain gap between Touchdown environments
and driving videos in BDD100k.

Thus, we propose a more intuitive and effective image ro-
tation similarity based method to predict navigation actions.
‘We hypothesize that two consecutive frames in a video con-
tain mostly the same information, which makes it hard for
deep learning models to learn the small differences between
consecutive frames to predict the action. Thus, we instead
rotate the frame to mimic the car turning action, and com-
pare the similarity between the rotated image and the target
frame to determine the turning direction. As shown in Fig-
ure 2, given two consecutive frames sampled from a video,
we rotate the frame at time ¢ + 1 in both left and right di-
rections. We hypothesize that if the frame rotated left has a
higher similarity with frame ¢ than the frame rotated right
or remain unchanged, it indicates that the car is turning left.
Specifically, given a frame with size H x W, and a win-
dow with size D, we calculate the similarity inside the win-
dow between rotated frame and frame t. The window will
pass through the image from left to right, excluding the ro-
tated part with width R, which gives (W — R)/D similarity
scores. We compare the similarity scores for frames rotated
left, rotated right and unchanged, using the similarity score
in rightmost window to predict a left turn, middle window
to predict moving forward, and leftmost window to predict
right turn. Mean squared error over pixel values is used to
represent the similarity between two frames, and lower mean
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squared error indicates higher similarity.

Object Detection

We utilize a Mask-RCNN model (He et al. 2017) from
the Detectron2 (Wu et al. 2019) package pre-trained on
the LVIS dataset (Gupta, Dollar, and Girshick 2019) to de-
tect objects in video frames. The LVIS dataset contains a
moderate number of object classes (around 1200 classes),
which detects more diverse objects such as “trash can” com-
pared with MSCOCO (91 classes), and is not too detailed
as YOLO9000 which divides car into different classes such
as “hotrod”. We manually filter out some object classes
that appear frequently (i.e., “bus”, “car(automobile)”), and
items that are not helpful for navigation (i.e., “license plate”,
“wheel”, “rearview mirror”, “taillight”)

Instruction Generation

Each video in the BDD100K dataset is a 40 seconds driving
video. We sample frames with an interval of 1 second. To in-
crease the variance of the trajectory length, we sample a tra-
jectory length between 25 to 40. We predict actions between
consecutive frames using our rotation-similarity based ac-
tion predictor, and further merge predicted successive for-
ward actions together with a maximum of 6 forwards. Simi-
larly, we merge successive left or right actions together since
one turn action might happen across multiple frames. After
merging, we generate one sentence for each action and con-
catenate them as the final instruction.

VLN Model and Training Procedures
Stage 1: Pre-training

We pre-train the VLN-Transformer model (Zhu et al. 2021)
on the Touchdown dataset (Chen et al. 2019), Manh50
dataset (Zhu et al. 2021) and BDD100K dataset (Chen et al.
2018). Specifically, we use our VLN-VIDEO to generate
synthetic instructions for both Manh50 and BDD100K. On
Manh50, we use the heading change between nodes on the
graph to fill in the actions, while on BDD100K, we use our
action predictor to predict the action sequence.

VLN-Transformer (Zhu et al. 2021) is a multi-modal
transformer model. In this model, words in the instruc-
tion are encoded using BERT (Devlin et al. 2018) and
averaged to obtain a sentence embedding for each sen-
tence in the instruction. View representations of observa-
tions are obtained using the fourth-to-last layer features from
ResNet (He et al. 2016) pre-trained on ImageNet (Deng
et al. 2009), flattened using another convolutional layer.
Sentence and view embeddings are concatenated, passed
through cross modal transformer layers and finally concate-
nated and passed through a fully connected layer to obtain
the next action prediction.

We use three proxy tasks to pre-train the model: Masked
Language Modeling (MLM), Instruction and Trajectory
Matching (ITM), and Next Action Prediction (NAP). In
Masked Language Modeling, the agent needs to recover
masked words given surrounding words and visual informa-
tion from the full navigation trajectory. In Instruction and
Trajectory Matching, we create four negative paths for each
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positive trajectory and instruction pair, and the agent needs
to identify the positive pair. Two of the negative pairs are
randomly sampled from the batch, and another two are cre-
ated by shuffling the sequence of the viewpoints in the tra-
jectory. In this case, the model learns to align both the se-
mantics between instruction and visual observations, and
also be aware of the order information of the trajectory. In
Next Action Prediction, given full navigation instruction and
the history observation, the agent predicts the next step ac-
tion.

Stage 2: Fine-tuning.

In the second stage, we fine-tune the state-of-the-art ORAR
model (Schumann and Riezler 2022) on the navigation task
with imitation learning. The ORAR model is an LSTM
based encoder-decoder agent. The instructions are encoded
with a bi-directional LSTM over word embeddings learned
from an embedding layer. The decoder is a two-layer LSTM,
where the first layer encodes the trajectory representation
and the second layer learns to predict action. The input
it = vt||las—1]|j¢]|ds to the first layer LSTM is a concate-
nation of encoded history visual observations v, action em-
beddings at previous step a;—1, junction embedding indi-
cates the number of outgoing edges at each step j;, and head-
ing embedding that indicates the heading of each step d;.
Soft dot attention is utilized to calculate weighted instruc-
tion representation ¢; based on trajectory representations,
and calculate weighted trajectory representation ¢; based on
weighted instructions. The policy making LSTM layer pre-

. . . irst
dicts the next action given ¢, ¢;, e;, and h{ TSt where e,

is the time embedding of the current step, and h{"*" is the
output at step ¢ from the first LSTM layer.

We extract the learned contextualized instruction repre-
sentation from the pre-trained VLN-Transformer, and use it
as the input word embedding to the LSTM based ORAR
agent. As the original ORAR paper (Schumann and Rie-
zler 2022) utilized a randomly initialized embedding layer to
learn the word embedding, we additionally compare to using
pre-trained BERT-base embeddings (Devlin et al. 2018) for
fair comparison.

Experiments
Datasets and Evaluation Metrics

We evaluate our agent on the Touchdown dataset (Chen et al.
2019). Touchdown is set in Manhattan and contains 9,326
instruction-trajectory pairs, with 6,526 examples in the train-
ing set, 1,391 examples in the validation set, and 1,409 ex-
amples in the test set.

The Manh50 dataset (Zhu et al. 2021) we use during pre-
training is extracted from the StreetLearn dataset (Mirowski
et al. 2019) by sampling trajectories in the Manhattan area
with length less than 50. The Manh50 dataset contains 31k
training trajectories, and each training trajectory is paired
with one instruction automatically generated by the Google
Map API. Prior work transfers the style of these instructions
to more natural instructions (Zhu et al. 2021).

The driving videos we utilized during pre-training come
from the BDD10OK dataset (Chen et al. 2018). We use a
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Models Validation Set Test Set
TCT SPD] SED{| TCT SPD] SED?

RConcat 106 204 103 | 11.8 204 115
GA 120 187 116 | 119 190 115
ARC-L2S 19.5 17.1 190 | 16.7 188 16.3
VLN-Trans 150 203 147 | 162 208 157
ORAR 30.1  11.1 295 | 296 11.8 289
PM-VLN 330 236 295 | 334 238 29.7
ORAR-BERT 306 103 299 30 11.3 29

Ours 345 96 335|317 112 31

Table 1: Comparison of agent performance on Touchdown
dataset on validation set and test set.

Models Validation Set Test Set
TCt SPD| SEDf| TCt SPD] SEDt
ORAR-BERT 306 103 299 30 1.3 29.0
+TD 31,6 106 309 | 314 112 30.6
+TD+M50-ori 322 10.0 314 | 304 10.8 295
+TD+M50-style 31.6 100 30.7 | 327 105 32.0
+TD+M50-our 343 107 33.7 | 31.2 11.1 304
Ours 345 96 335 | 317 112 310

Table 2: Comparison of agent performance when trained on
different datasets on Touchdown validation set and test set.

subset of 6K videos in the BDD100K training data, where
each driving video is captured in a city environment with
clear weather during daytime.

We use three metrics to evaluate agents’ performance on
Touchdown: Task Completion (TC), Shortest Path Distance
(SPD), and Success weighted by Edit Distance (SED). De-
tails can be found in Appendix.

Results and Analysis
Comparison with SotA Agents

In this section, we compare our agent with previous state-of-
the-art approaches. As shown in Table 1, our VLN-VIDEO
agent pre-trained on Touchdown and processed BDD100K
videos achieves the new state-of-the-art on validation set and
test set. Note that PM-VLN agent (Armitage, Impett, and
Sennrich 2022) has access to extra ground truth information
- it uses the path trace image of the full navigation trajec-
tory for trajectory planning, where the agent can foresee all
future actions implicitly at the start of navigation. Though
VLN-VIDEO is 1.7% lower than the PM-VLN agent in task
completion on test set, our agent significantly improves the
SPD score by 12.6%, and 1.3% in SED, demonstrating that
our agent follows the instruction better while navigating cor-
rectly. ORAR-BERT is the agent that utilizes pre-trained
BERT as the embedding input to the ORAR model. VLN-
VIDEO improves over ORAR-BERT in task completion by
3.9% on validation set and 1.7% on test set, demonstrating
that our agent is able to learn better instruction representa-
tion through pre-training on both the Touchdown dataset and
processed driving videos.

Pre-training with Different Datasets

We evaluate the agents’ performance when pre-trained
on different datasets. As shown in Table 2, pre-training
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Models Validation Set Test Set

TCtT SPD] SED{| TCt SPD| SED?1
Baseline | 30.6 10.3 299 | 30.0 11.3 29.0
Ours 345 96 335 | 31.7 112 31.0
-speaker | 27.1 11.7 264 | 282 11.7 27.6
-GPT2 316 103 308 | 29.8 103 29.1
-action 31.3 10.0 30.7 | 30.7 11.0 30.0

Table 3: Ablations of our proposed instruction rephras-
ing method and action prediction method on Touchdown
dataset. The agents are pre-trained on Touchdown dataset
and driving videos.

on Touchdown only (“+TD”) achieves 1.0% improve-
ment in TC on the validation set, demonstrating that the
agent benefits from the in-domain knowledge learned dur-
ing pre-training. Pre-training on Touchdown and Manh50
(“+TD+M50-0ri”) improves the baseline model by 1.6%
in TC and 0.3% in SPD on the validation set, suggesting
that the agent benefits from learning from more in-domain
instruction-trajectory pairs. Then we evaluate the influ-
ence of instruction quality on performance by comparing a
model pre-trained on automatically generated instructions in
Manh50 dataset (“+TD+M50-ori”), transferred style instruc-
tions provided by (Zhu et al. 2021) (“+TD+M50-style”), and
instructions generated by our method (“+TD+M50-our”).
Table 2 shows that pre-training with instructions generated
by our method achieves the best performance, outperform-
ing the others by more than 2% in TC on the validation
set. Training with transferred style instructions achieves the
best performance on test set, which we hypothesize is due
to the instruction style transfer model being trained on data
from test splits in Touchdown dataset. Finally, pre-training
on both Touchdown and driving videos (“Ours”) improves
the baseline by 3.9% in TC on the validation set, indicating
that the agent benefits from learning from the diverse visual
observations and temporal information in the driving videos.

Speaker and Turn Predictor Effectiveness

We compare our template infilling method and image ro-
tation similarity based navigation action prediction method
with popular deep learning based methods. Specifically, we
train a LSTM based speaker model (Tan, Yu, and Bansal
2019) on Touchdown and use it to generate synthetic instruc-
tions for driving videos. When combined with actions pre-
dicted using our rotation similarity based action predictor,
as shown in Table 3, using this learned speaker (“-speaker’)
decreases the performance by 3.5% in TC on the validation
set, demonstrating that the learned speaker fails to generate
good quality instructions for the driving videos. Then, we
remove the GPT-2 template filtering step during data gener-
ation (“-“GPT2”) and observe a decrease in performance by
2.9% in TC on validation set, demonstrating that it’s cru-
cial to filter out templates with low quality. We further ex-
periment with utilizing a deep learning based turn predic-
tor trained on Touchdown to predict actions between frames
in the videos. The turn predictor is a multi-layer perceptron
over visual features encoded with pre-trained ResNet and
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Template Infilling (Ours): Orient yourself with street_sign and proceed
forward. Walk forward down street_sign. Go to traffic_light and turn left.
Move forward to streetlight. Move forward. street_sign will be on the right
corner. Walk forward past street_sign. Turn right at the intersection. Move
forward. Take bench to the left. Move forward. Turn left at the intersection.
Head forward and go straight through pole. turn around and align yourself
so that pole are on your left. Walk forward into signboard. Just prior to
bench, stop.

Speaker: Turn so the red brick building is on your left. go straight through
the first intersection. turn left at the next intersection. you will see a red
awning on your left. go straight through the first intersection. you will see a
red awning on your right. go straight through the next intersection. you will
see a red awning on your right.

Figure 3: Qualitative Analysis of our proposed VLN-VIDEO
in generating synthetic instructions for videos in BDD100K
dataset. The object entities mentioned in the synthetic in-
structions generated with our VLN-VIDEO are in red, and
their corresponding location is bounded in the red box in the
frames. The turn actions are in blue.

additional learned CNN layers. When combined with our
template infilling method to generate the instructions, the
learned turn predictor improves over the baseline by 0.7% in
TC on the validation set, but is 3.2% lower than using the ac-
tions predicted with our rotation-similarity based approach.
We also include a human evaluation to show the effective-
ness of our action predictor in Appendix.

Qualitative Analysis of Synthetic Instructions

We show a qualitative example of our generated synthetic in-
structions on the BDD100K dataset. As shown in Figure 3,
given the driving video shown here, VLN-VIDEO is able
to generate long instructions with rich entity mentions. The
synthetic instructions mention four different objects (street
sign, traffic light, bench, pole) which appear in the videos.
Furthermore, our rotation based action prediction method
successfully predicts all the three turns made in the instruc-
tion. In comparison, the instruction generated by the speaker
method is repetitive and mentions objects like “awning” that
do not appear in the views.

Case Study

We show a qualitative example to compare the navigation
trajectory predicted by VLN-VIDEO and the baseline. As
shown in Figure 4, VLN-VIDEO successfully identifies the
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Align yourself so that the english and chinese yellow and red sign are in
front to your right. you'll want to make a right to back up in to this street.
follow it down and make another right. a few steps down to your right is a
silver/metal covered trash can next to the traffic pole.

Figure 4: Qualitative Analysis of our proposed VLN-VIDEO
in learning richer visual objects to help decision making dur-
ing navigation. Symbols in green are the actions made by
our method, and symbols in blue are the actions made by
the baseline method.

“trash can” and “traffic pole” in the view and stops correctly,
whereas the baseline fails and stops earlier. This suggests
that diverse visual data seen in the videos helps the agent
learn the semantics of objects better. More examples can be
found in Appendix.

Conclusion

In this paper, we propose VLN-VIDEO - a method to pro-
cess driving videos to obtain augmented data for outdoor
Vision-and-Language Navigation by utilizing intuitive clas-
sical techniques for navigation action prediction and instruc-
tion generation, which when combined with recent deep
learning models for VLN obtains a new state-of-the-art per-
formance on the Touchdown dataset. We propose an image
rotation similarity based method to predict navigation ac-
tions between consecutive video frames and a template in-
filling based method for instruction generation that does not
require any human annotation. Our method can more gen-
erally be applied to preprocess any video dataset for pre-
training any VLN model. Our experiments on the Touch-
down dataset show that pre-training the agent with our gen-
erated synthetic navigation data helps the agent learn contex-
tualized language representations that ground better to the
navigation environments, which greatly improves the down-
stream navigation performance. VLN-VIDEO achieves the
new state-of-the-art performance on Touchdown dataset, and
provides a good starting point for future work that aims to
exploit the rich visual and temporal information in videos
for data augmentation in VLN tasks.
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