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Abstract

One of the most challenging topics in Nat-
ural Language Processing (NLP) is visually-
grounded language understanding and reason-
ing. Outdoor vision-and-language navigation
(VLN) is such a task where an agent fol-
lows natural language instructions and navi-
gates a real-life urban environment. Due to
the lack of human-annotated instructions that
illustrate intricate urban scenes, outdoor VLN
remains a challenging task to solve. This pa-
per introduces a Multimodal Text Style Trans-
fer (MTST) learning approach and leverages
external multimodal resources to mitigate data
scarcity in outdoor navigation tasks. We first
enrich the navigation data by transferring the
style of the instructions generated by Google
Maps API, then pre-train the navigator with
the augmented external outdoor navigation
dataset. Experimental results show that our
MTST learning approach is model-agnostic,
and our MTST approach significantly outper-
forms the baseline models on the outdoor VLN
task, improving task completion rate by 8.7%
relatively on the test set. !

1 Introduction

A key challenge for Artificial Intelligence research
is to go beyond static observational data and con-
sider more challenging settings that involve dy-
namic actions and incremental decision-making
processes (Fenton et al., 2020). Outdoor vision-
and-language navigation (VLN) is such a task,
where an agent navigates in an urban environment
by grounding natural language instructions in vi-
sual scenes, as illustrated in Fig. 1. To generate a
series of correct actions, the navigation agent must
comprehend the instructions and reason through
the visual environment.

'Our code and dataset is released at https: //github.

com/VegB/VLN-Transformer.

Google Maps API Vanderbilt Ave turns right and becomes E 43rd St.

You ' Il have a red brick building with a red awning

Speaker on your right . Go forward until you reach the next
intersection , and turn right.
MTST model Turn right again and stop just past the orange and

white construction barriers.

Figure 1: An outdoor VLN example with instructions
generated by Google Maps API (ground truth), the
Speaker model, and our MTST model. Tokens marked
in red indicate incorrectly generated instructions, while
the blue tokens suggest alignments with the ground
truth. The orange bounding boxes show that the objects
in the surrounding environment have been successfully
injected into the style-modified instruction.

Different from indoor navigation (Anderson
et al., 2018; Wang et al., 2018; Fried et al., 2018;
Wang et al., 2019; Ma et al., 2019a; Tan et al., 2019;
Ma et al., 2019b; Ke et al., 2019), the outdoor navi-
gation task takes place in urban environments that
contain diverse street views (Mirowski et al., 2018;
Chen et al., 2019; Mehta et al., 2020). The vast ur-
ban area leads to a much larger space for an agent to
explore and usually contains longer trajectories and
a wider range of objects for visual grounding. This
requires more informative instructions to address
the complex navigation environment. However, it
is expensive to collect human-annotated instruc-
tions that depict the complicated visual scenes to
train a navigation agent. The issue of data scarcity
limits the navigator’s performance in the outdoor
VLN task.

To deal with the data scarcity issue, Fried et al.
(2018) proposes a Speaker model to generate addi-
tional training pairs. However, synthesizing instruc-
tions purely from visual signals is hard, especially
for outdoor environments, due to visual complexity.


https://github.com/VegB/VLN-Transformer
https://github.com/VegB/VLN-Transformer

On the other hand, template-based navigation in-  task with the VLN Transformer model pre-
structions on the street view can be easily obtained trained on the external resources processed by
via the Google Map API, which may serve as addi-  our MTST approach.

tional learning signals to boost outdoor navigation

tasks. But instructions generated by Google Map® Related Work

APl mainly consist of street names and directions, o )

while human-annotated instructions in the outdooiSion-and-Language Navigation (VLN) is a
navigation task frequently refer to street-view ob1@SK that requires an agent to achieve the nal goal

jects in the panorama. The distinct instruction styleP@sed on the given instructions in a 3D environ-
hinders the full utilization of external resources. Ment. Besides the generalizability problem studied

Therefore, we present a novel Multimodal TextPY Previous works (Wang et al., 2018, 2019; Tan
Style Transfer (MTST) learning approach to nar€t &l-, 2019; Zhang et al., 2020), the data scarcity
row the gap between template-based instructionBrOble_m |s'another critical issue for the VLN task,
in the external resources and the human-annotatégPecially in the outdoor environment(Chen et al.,
instructions for the outdoor navigation task. It can2019; Mehta etal., 2020; Xiang etal., 2020). Fried
infer style-modi ed instructions for trajectories in €t @l- (2018) obtains a broad set of augmented
the external resources and thus mitigate the daf4ining data for VLN by sampling trajectories in
scarcity issue. Our approach can inject more visudin® navigation environment and using the Speaker
objects in the navigation environment to the instruc0del to back-translate their instructions. However,
tions (Fig. 1), while providing direction guidance. the Speaker model might cause the error propaga-
The enriched object-related information can heliOn iSSue since it is not trained on large corpora

the navigation agent learn the grounding betweeff OPtimize generalization. While most existing
the visual environment and the instruction. works select navigation actions dynamically along

Moreover, different from previous LSTM-based the way in the unseen environment during testing,

navigation agents, we propose a new VLN TransViajumdar et al. (2020) proposes to test in previ-

former to predict outdoor navigation actions. Ex-CUsly explored environments and convert the VLN

perimental results show that utilizing external re{ask to a classi cation task over the possible paths.
sources provided by Google Maps API duringTh'S_ approa_ch performs well in the indoor settlng,
the pre-training process improves the navigatioert is not sunab_le fqr outdoor VLN where the envi-
agent's performance on Touchdown, a dataset fdienment graph is different.

outdoor VLN (Chen et al., 2019). In addition, pre_Multimodal Pre-training  has attracted much
training with the style-modi ed instructions gen- attention to improving multimodal tasks perfor-
erated by our multimodal text style transfer modelmances. The models usually adopt the Transformer
can further improve navigation performance anddtructure to encode the visual features and the tex-

make the pre-training process more robust. In sunfua! features (Tan and Bansal, 2019; Lu etal,, 2019;
mary, the contribution of our work is four-fold: ~ Chenetal., 2020; Sun etal., 2019; Li et al., 2019;

Huang et al., 2020b; Luo et al., 2020; Li et al.,

* We present a new Multimodal Text Style 2020; Zheng et al., 2020; Wei et al., 2020; Tsai
Transfer learning approach to generate styleet al., 2019). During pre-training, these models use
modi ed instructions for external resources tasks such as masked language modeling, masked
and tackle the data scarcity issue in the outregion modeling, image-text matching to learn the
door VLN task. cross-modal encoding ability, which later bene-

] ) ts the multimodal downstream tasks. Majumdar

* We provide the Manh-50 dataset with style-o( 5 (2020) proposes to use image-text pairs from

modi ed instructions as an auxiliary dataset o \veb to pre-train VLN-BERT, a visiolinguis-

for outdoor VLN training. tic transformer-based model similar to the model

« We propose a novel VLN Transformer model ProPOsed by Lu etal. (2019).

as the navigation agent for outdoor VLN and A concurrent work by Hao et al. (2020) pro-
validate its effectiveness. poses to use Transformer for indoor VLN. Our

VLN Transformer is different from their model in
» We improve the task completion rate by 8.7%several key aspects: (1) The pre-training objectives
relatively on the test set for the outdoor VLN are different: Hao et al. (2020) pre-trains the model



on the same dataset for training, while we create  source Instruction

an augmented, stylized dataset for outdoor VLN Google Maps ap) Head northwest on E 23rd St toward 2nd Ave.
using the proposed MTST method. (2) Bene ting Turn left at the 2nd cross street onto 3rd Ave.
from the effective external resource, a simple navi-
gation loss is employed in our VLN Transformer,

Orient yourself so you are facing the same as
the traf ¢ on the 4 lane road. Travel down this

road until the rstintersection. Turn left and go
Human Annotator

while they adopt the masked language modeling to down this street with the ow of traf c. You'l
. . . . see a black and white stripped awning on your
better train their model. (3) Model-wise, instead right as you travel down the street.

of encoding the whole mstruct.lon mto one feature,rable 1: For the outdoor VLN task, the instructions pro-
we use sentence-level encoding since Touchdow,

; ) Vlded by Google Maps APl is distinct from the instruc-
instructions are much longer than R2R instructions;jons written by human annotators.

(4) We encode the trajectory history, while their

model encodes the panorama for the current step.

Unsupervised Text Style Transferis an approach tions in the external resources. The multimodal
to mitigate the lack of parallel data for supervisedtext style transfer model is trained on the dataset
training. One line of work encodes the text intofor outdoor navigation, and it learns to infer style-
a latent vector and manipulate the text representarodi ed instructions for trajectories in the external
tion in the latent space to transfer the style. Shemesources. The VLN Transformer is the naviga-
et al. (2017); Hu et al. (2017); Yang et al. (2018)tion agent that generates actions for the outdoor
use variational auto-encoder to encode the tex¥/LN task. It is trained with a two-stage training
and use a discriminator to modify text style. Johnpipeline. We rst pre-train the VLN Transformer
et al. (2019); Fu et al. (2018) rely on models withon the external resources with the style-modi ed
encoder-decoder structure to transfer the style. Annstructions and then ne-tune it on the outdoor
other line of work enriches the training data by gennavigation dataset.

erating pseudo-parallel data via back-translation

(Artetxe et al., 2018; Lample et al., 2018b,a; Zhangd.3 Multimodal Text Style Transfer Model

etal., 2018).
Instruction Style The navigation instructions vary

3 Methods across different outdoor VLN datasets. As shown
N in Table 1, the instructions generated by Google
3.1 Task De nition Maps API is template-based and mainly consists

In the vision-and-language navigation task, the ressf street names and directions. In contrast, human-
soning navigator is asked to nd the correct path toannotated instructions for the outdoor VLN task
reach the target location following the instructionsemphasize the visual environment's attributes as
(a set of sentence®) = fsi;Sy;:::;smg. The navigation targets. It frequently refers to objects in
navigation procedure can be viewed as a series dfie panorama, such as traf c lights, cars, awnings,
decision making processes. At each time gtep etc. The goal of conducting multimodal text style
the navigation environment presents an image viewansfer is to inject more object-related information
vi. With reference to the instructiod and the in the surrounding navigation environment to the
visual viewvy, the navigator is expected to choosemachine-generated instruction while keeping the
an actiona; 2 A . The action sef for urban envi- correct guiding signals.
ronment navigation usually contains four actionsMasking-and-Recovering Scheme The multi-
namelyturn left, turn right, go forward andstop ~ modal text style transfer model is trained with a

) “masking-and-recovering" (Zhu et al., 2019; Liu
3.2 Overview et al., 2019; Donahue et al., 2020; Huang et al.,
Our Multimodal Text Style Transfer (MTST) learn- 2020a) scheme to inject objects that appeared in
ing mainly consists of two modules, namely thethe panorama into the instructions. We mask out
multimodal text style transfer modahd theVLN  certain portions in the instructions and try to re-
Transformer Fig. 2 provides an overview of our cover the missing contents with the help of the
MTST approach. We use the multimodal textremaining instruction skeleton and the paired tra-
style transfer model to narrow the gap betweerjectory. To be speci c, we use NLTK (Bird et al.,
the human-annotated instructions for the outdooR009) to mask out the object-related tokens in the
navigation task and the machine-generated instrubuman-annotated instructions, and the street names



Figure 2: An overview of the Multimodal Text Style Transfer (MTST) learning approach for vision-and-language
navigation in real-life urban environments. Details are described in Section 3.2.

Figure 3. An example of the training and inference process of the multimodal text style transfer model. During
training, we mask out the objects in the human-annotated instructions to get the instruction template. The model
takes both the trajectory and the instruction skeleton as input, and the training objective is to recover the instructions
with objects. When inferring new instructions for external trajectories, we mask the street names in the original
instructions and prompt the model to generate new object-grounded instructions.

in the machine-generated instructién#ultiple  of the visual encoding? 2 R>'2 and the orien-
tokens that are masked out in a row will be replacedation encoding/® 2 R%4. The visual encoding
by a single [MASK] token. We aim to maintain v is the output of the last but one layer of the
the correct guiding signals for navigation after theRESNET18 (He et al., 2016) of the current view.
style transfer process. Tokens that provide guidind he orientation encoding® encodes current head-
signals, such as “turn left" or “take a right", will not ing by repeating vectdsin ;cos ]for 32 times,
be masked out. Fig. 3 provides an example of thavhich follows Fried et al. (2018). As described in
“masking-and-recovering" process during trainingsection 3.4, the feature matrix of a panorama is the
and inferring. concatenation of eight projected visual views.
Model Structure Fig. 3 illustrates the input and  In the multimodal style transfer encoder, we use
expected output of our multimodal text style transa soft-attention module (Vaswani et al., 2017) to
fer model. We build the multimodal text style trans-calculate the grounded visual featwhefor current
fer model upon the Speaker model proposed byiew at steft:

Fried et al. (2018). On top of the visual-attention-

based LSTM (Hochreiter and Schmidhuber, 1997) attny,, = softmax (Wyhy 1)"v) (1)

structure in the Speaker model, we inject the tex- X8
tual attention of the masked instruction skelexoh W = = attny,, v/ (2)
to the encoder, which allows the model to attend to i=1

original guiding signals. whereh; 1 is the hidden context of previous step,

The encoder takes both the visual and textua\IN refers to the learnable parameters, attd
. . . A\ ) Vt:i
inputs, which encode the trajectory and the maske% the attention weight over thig, slice of viewi)-o
instruction skeletons. To be speci ¢, each visualin current panorama !

V|ev;/ N ;[)h_e tragfac(t)ory 's rﬁ pretsr,]ented ast a fet_ature We use full-stop punctuations to split the input

vectorv™ = [vy; V7], which is the concatenation text into multiple sentences. The rationale is to

— ) ) enable alignment between the street views and the
We masked out the tokens with the following part-of-

speech tags: [3J, JJR, JJS, NN, NNS, NNP, NNPS, PDT, po§€mantic _gwdar_me in sub-instructions. For_ each
RB, RBR, RBS, PRP$, PRP, MD, CD] sentence in the input text, the textual encodifig



is the average of all the tokens' word embedding in
the current sentence. We also use a soft-attention
modules to calculate the grounded textual feature
g\ at current step:

attns,, = softmax (Wsh; 1)7s))  (3)
X 0
g =  attng s (4)
i=1
Figure 4: Overview of the VLN Transformer. In this
where W refers to the learnable parametersgyampie, the VLN Transformer predicts to take a left
attng,; is the attention weight over the, sen-  tyrn for the visual scene at= 3.

tence encodingsj0 at stept, andM denotes the
maximum sentence number in the input text. The
input text for the multimodal style transfer encoder! X _ _
is the instruction templat © tence embeddin? is calculated as:

Based on the grounded visual featwke the
grounded textual featuy and the visual view fea-
turev? at current timestamp the hidden context
can be given as:

wij = BERT(x;j) 2 R"® (7)
P
s — j=1 Wi 256
P= FC(—5—) 2R ®)
I
hy = LSTM ([%; ; vY) (5) Wherew;; is the word embedding for;; gener-
ated by BERT, anéFC is a fully-connected layer.
Training Objectives We train the multimodal text \iew Encoder We use the view encoder to re-
style transfer model in the teacher-forcing mantrieve embeddings for the visual views at each time
ner (Williams and Zipser, 1989). The decoder genstep. Following Chen et al. (2019), we embed
erates tokens auto-regressively, conditioning on theach panoramh by slicing it into eight images
masked instruction ter_nplapef’, and the trajectory. and projecting each image from an equirectangu-
The training objective is to minimize the following |ar projection to a perspective projection. Each

cross-entropy loss: of the projected image of si&00 460will be
passed through the RESNET18 (He et al., 2016)
L (Xa:x25: XX O viov9) pre-trained on ImageNet (Russakovsky et al., 2015).

v We use the output of size28 100 58 from

= log  P(xjjxainx 1 X%VEvR) (6)  the fourth to last layer before classi cation as
the feature for each slice. The feature map for
wherex1; X»; 1 :; Xn denotes the tokens in the orig- each panorama is the concatenation of the eight

inal instructionX , n is the total token number in image slices, which is a single tensor of size
X, andN denotes the maximum view number in128 100 464 We center the feature map accord-

the trajectory. ing to the agent's heading; at timestampg. We
cropal28 100 100sized feature map from the
3.4 VLN Transformer center and calculate the mean value along the chan-

The VLN Transformer is the navigation agent thatnel dimension. The resulting00 100features
generates actions in the outdoor VLN task. As illusis regarded as the current panorama feaffufer
trated in Fig. 4, our VLN Transformer is composedeach state. Following Mirowski et al. (2018), we
of an instruction encoder, a trajectory encoder, ghen apply a three-layer convolutional neural net-
cross-modal encoder that fuses the modality of thevork on [} to extract the view featurds) 2 R2%6
instruction encodings and trajectory encodings, andt timestamp.

an action predictor. Cross-Modal Encoder In order to navigate
Instruction Encoder The instruction encoder is through complicated real-world environments, the
a pre-trained uncased BERT-base model (Devlimgent needs to grasp a proper understanding of
et al., 2019). Each piece of navigation instructhe natural language instructions and the visual
tion is split into multiple sentences by the full- views jointly to choose proper actions for each
stop punctuations. For thig, sentences; =  state. Since the instructions and the trajectory



lies in different modalities and are encoded sep29,641 Street View panoramas of the Manhattan
arately, we introduce the cross-modal encoder tarea in New York City, which are connected by
fuse the features from different modalities and61,319 undirected edges. The dataset contains
jointly encode the instructions and the trajectory9,326 trajectories for the navigation task, and each
The cross-modal encoder is an 8-layer Transformetrajectory is paired with a human-written instruc-
encoder (Vaswani et al., 2017) with mask. We usdion. The training set consists of 6,526 samples,
eight self-attention heads and a hidden size of 25@hile the development set and the test set are made
In the teacher-forcing training process, we addip of 1,391 and 1,409 samples, respectively.

a mask when calculating the multi-head self-

attention across different modalities. By maskEXternal Resource We use the StreetLearn
ing out all the future views in the ground-truth dataset as t_he ex_ternal resource for the outdoor
d VLN task (Mirowski et al., 2018). The StreetLearn

trajectory, the current view; is only allowe , > DR
dataset is another dataset for navigation in real-

to refer to the full instructions and all the previ- -

ous views that the agent has passed by, which jife urban environments based on Google Street
[h$:hS;::0;hS,  hY Ry V'], whereM de- View. StreetLearn contains 114k panoramas from

notes the maximum sentence number. New York City and Pittsburgh. In the StreetLearn
Since the Transformer architecture is based@vigation environment, the graph for New York

solely on attention mechanism and thus contain§'ty contains 56k nodes and 115k edges, while the
no recurrence or convolution, we need to inject addraPh for Pittsburgh contains 57k nodes and 118k
ditional information about the relative or absolute®d9€s. The StreetLearn dataset contains 580k sam-

position of the features in the input sequence. w&'€s in the Manhattan area and 8k samples in the
add a learned segment embedding to every inpdtittsburgh area for navigation. _

feature vector specifying whether it belongs to the While the StreetLearn dataset's trajectory con-

sentence encodings or the view encodings. We als§iNs more panorama along the way on average, the
add a learned position embedding to indicate th@aired instructions are shorter than the Touchdown

relative position of the sentences in the instructiorftaset. We extract a sub-datalsteinh-50from
sequence or the trajectory sequence’s views. the orlglnal large scale StreetLeqrn dataset for the
convenience of conducting experiments. Manh-50

Action Predictor  The action predictor is a fully- consists of navigation samples in the Manhattan
connected layer. It takes the concatenation of thgrea that contains no more than 50 panoramas in
cross-modal encoder's output up to the currenthe whole trajectory, containing 31k training sam-
timestampt as input, and predicts the acti@@  ples. We generate style-transferred instructions for
for view v: the Manh-50 dataset, which serves as an auxiliary
s v dataset, and will be used to pre-train the navigation
—_ EHE S Vii « - \% '
Neoncat = il == bl <=2 i ) models. More details can be found in the appendix.
ar = argmax (FC(T (hconcat))) (10)

4.2 Evaluation Metrics

whereF C is a fully-connected layer in the action , _
We use the following metrics to evaluate VLN per-

predictor, andl' refers to the Transformer opera- ) i :
tion in the cross-modal encoder. During trainingformance: (1Jtask Completion (TC}he accuracy

we use the cross-entropy loss for optimization. of completing the navigation task correctly. Fol-
lowing Chen et al. (2019), the navigation result is

4 Experiments considered correct if the agent reaches the speci c
goal or one of the adjacent nodes in the environ-
4.1 Datasets ment graph. (25hortest-Path Distance (SPQihe
Outdoor VLN Dataset For the outdoor VLN mean distance between the agent's nal position
task, we conduct experiments on the Touchdowmand the goal position in the environment graph.
dataset (Chen et al., 2019; Mehta et al., 2020)3) Success weighted by Edit Distance (SEbBg
which is designed for navigation in realistic ur-normalized Levenshtein edit distance between the
ban environments. Based on Google Street Wiew path predicted by the agent and the reference path,
Touchdown's navigation environment encompasseghich is constrained only to the successful naviga-
* 3nttps://developers.google.com/maps/ tion. (4)Coverage weighted by Length Score (CLS)
documentation/streetview/intro a measurement of the delity of the agent's path



with regard to the reference path. (8prmalized on SPD for our VLN Transformer model.
Dynamic Time Warping (nDTWhe minimized cu- In contrast, our MTST learning approach can bet-
mulative distance between the predicted path antér utilize external resources and further improve
the reference path, normalized by the reciprocal ohavigation performance. Pre-training on Manh-50
the square root of the reference path length. Theith style-modi ed instructions can stably improve
value is rescaled by taking the negative exponenhe navigation performance on all the metrics for
tial of the normalized value. (uccess weighted both the RCONCAT model and the VLN Trans-
Dynamic Time Warping (SDTWhe nDTW value former. This also indicates that our MTST learning
where the summation is only over the successfuhpproach is model-agnostic.
navigation. Table 4 compares the SPD values on success

TC, SPD, and SED are de ned by Chen et aland failure navigation cases. In the success cases,
(2019). CLS is de ned by Jain et al. (2019). nDTW VLN Transformer has better SPD scores, which is
and SDTW are originally de ned by llharco et al. aligned with the best SED results in Table 2. Our
(2019), in which nDTW is normalized by the length model's inferior SPD results are caused by taking
of the reference path. We adjust the normalizingonger paths in failure cases, which also harms the
factor to be the reciprocal of the square root of thedelity of the generated path and lowers the CLS
reference path length for length invariance (Mueerscores. Nevertheless, every coin has two sides, and
and Keogh, 2016). In case the reference trajectoriesxploring more areas when getting lost might not
length has a salient variance, our modi cation tope a complete bad behavior for the navigation agent.
the normalizing factor made the nDTW and SDTW\e |eave this to future study.
scores invariant to the reference length.

Multimodal Text Style Transferin VLN~ We at-

4.3 Results and Analysis tempt to reveal each component's effect in the mul-

In this section, we report the outdoor VLN perfor-timodal text style transfer model. We pre-train the
mance and the quality of the generated instruction¥ LN Transformer with external trajectories and
to validate the effectiveness of our MTST learndnstructions generated by different models, then
ing approach. We compare our VLN Transformer Ne-tune it on the TouchDown dataset.
with the baseline model and discuss the in uence According to the navigation results in Table 3,
of pre-training on external resources with/withoutthe instructions generated by the Speaker model
instruction style transfer. misguide the navigation agent, indicating that rely-
ing solely on the Speaker model cannot reduce the
Outdoor VLN Performance We compare our gap between different instruction styles. Adding
VLN Transformer with RCONCAT (Chen et al., textual attention to the Speaker model can slightly
2019; Mirowski et al., 2018) and GA (Chen et al.,improve the navigation results, but still hinders
2019; Chaplot et al., 2018) as baseline modelghe agent from navigating correctly. The style-
Both baseline models encode the trajectory anghodi ed instructions improve the agent's perfor-
the instruction in an LSTM-based manner and usgnance on all the navigation metrics, suggesting
supervised training with Hogwild! (Recht et al., that our Multimodal Text Style Transfer learning

2011). Table 2 presents the navigation results ogpproach can assist the outdoor VLN task.
the Touchdown validation and test sets, where VLN

Transformer performs better than RCONCAT andQuiality of the Generated Instruction We eval-
GA on most metrics with the exception of SPD anduate the quality of instructions generated by the
CLS. Speaker and the MTST model. We utilize ve
Pre-training the navigation models on Manh-50automatic metrics for natural language gener-
with template-based instructions can partially im-ation to evaluate the quality of the generated
prove navigation performance. For all three ageninstructions, including BLEU (Papineni et al.,
models, the scores related to successful cases2802), ROUGE (Lin, 2004), METEOR (Elliott and
such as TC, SED, and SDTW—uwitness a boosKeller, 2013), CIDEr (Vedantam et al., 2015) and
after being pre-trained on vanilla Manh-50. How-SPICE (Anderson et al., 2016). In addition, we
ever, the instruction style difference between Manhealculate the guiding signal match rate (MR) by
50 and Touchdown might misguide the agent in thecomparing the appearance of “turn left” and “turn
pre-training stage, resulting in a performance dropight”. If the generated instruction contains the



\ Dev Set \ Test Set

Model
\ TC" SPD# SED" CLS" nDTW" SDTW" \ TC" SPD# SED" CLS" nDTW" SDTW"

RCONCAT 10.6 20.4 10.3 48.1 225 9.811.8 20.4 115 47.9 22.9 111
+M-50 11.8 19.1 11.4 48.7 23.1 10/912.1 19.4 11.8 49.4 24.0 11.3
+M-50 +style 11.9 19.9 115 48.9 23.8 11/112.6 20.4 12.3 48.0 23.9 11.8
GA 12.0 18.7 11.6 51.9 25.2 11/111.9 19.0 115 51.6 24.9 10.9
+M-50 12.3 185 11.8 537 26.2 11.3| 13.1 18.4 12.8 54.2 26.8 12.1
+M-50 +style 129 185 12.5 52.8 26.3 11.9 13.9 18.4 13.5 53.5 27.5 12.9
VLN Transformer| 14.0 215 13.6 44.0 23.0 12/914.9 21.2 14.6 45.4 25.3 14.0
+M-50 14.6 22.3 14.1 45.6 25.0 13/415.5 21.9 15.4 45.9 26.1 14.2
+M-50 +style 15.0 20.3 14.7 50.1 27.0 14.2| 16.2 20.8 15.7 50.5 27.8 15.0

Table 2: Navigation results on the outdoor VLN taskVi-60 denotes pre-training with vanilla Manh-50 which
contains machine-generated instructions; inthgyle setting, the model is pre-trained with Manh-50 trajectories
and style-modi ed instructions that are generated by our MTST model.

\ Dev Set \ Test Set
‘ TC" SPD# SED" CLS" nDTW" SDTW" |TC" SPD# SED" CLS" nDTW" SDTW"
VLN Transformer M-50| 14.6 22.3 14.1 45.6 25.0 13,415.5 21.9 15.4 45.9 26.1 14.2

Model

+speaker 76 26.2 7.3 346 14.6 7/0 83 254 8.0 36.3 15.9 7.7
+text_attn 11.7 201 113 46.3 23.2 10118 205 115 473 23.2 11.0
+style 150 203 147 50.1 27.0 14216.2 208 157 50.5 27.8 15.0

Table 3: Ablation study of the multimodal text style transfer model on the outdoor VLN task. Hsibeaker

setting, the instructions used in pre-training are generated by the Speaker (Fried et al., 2018), which only attends
to the visual input:+text_attndenotes that we add a textual attention module to the Speaker to attend to both the
visual input and the machine-generated instructions provided by Google Maps API.

Model \ Dev Set \ Test Set Model |BLEU METEOR ROUGE_L CIDEr SPICE MR #n I
‘ S SPB¢ F_SPDG# ‘ S SPB* F_SPDBt Speaker | 15.1 20.6 22.2 1.4 20.7 83 160
Text_Attn| 23.8  23.3 296 100 246 357 182
RCONCAT 0.64 2268 ~ 067 2306  \yrsT |306 288 397 278 306 46.7 308
+M-50 0.68  21.53 069  21.97 — . . :
+M-50 +style 0.66 22.48 0.69 2321  Table 5: Quantitative evaluation of the instructions gen-
GA 065 2115 o066 2141 erated by Speaker, Speaker with textual attention and
+M-50 0.70  20.95 0.77 2109  our MTST model.
+M-50 +style 0.65 2111 070  21.26
VLN Transformer 0.66 24.92 0.63 24.84 o )
+M-50 0.67 2594 063 2577 We report the quantitative results on the valida-
+M-50+style 059 2372] 062 2467  tion setin Table 5. After adding textual attention
Table 4:S_SPDandF_SPDdenotes the average SPD to the Speaker, the evaluation performance on all
value on success and failure cases respectively. seven metrics improved. Our MTST model scores

the highest on all seven metrics, which indicates
o _ that the “masking-and-recovering” scheme is ben-

same number of guiding signals in the same ordeg cja| for the multimodal text style transfer pro-
as the ground truth instruction, then this instruction.ass The results validate that the MTST model can
pair is considered to be matched. We also Calcmatﬁenerate higher quality instructions, which refers

the number of different in lled tokens (#in ll) in {5 more visual objects and provide more matched
the generated instructidnThis re ects the model's guiding signals.

ability to inject object-related information during

style transferring. Among the 9,326 trajectories inHuman Evaluation We invite human judges on

the Touchdown dataset, 9,000 are used to train th&mazon Mechanical Turk to evaluate the quality of

MTST model, while the rest form the validation the instructions generated by different models. We

set. conduct a pairwise comparison, which covers 170

——— _ _ pairs of instructions generated by Speaker, Speaker
We regard tokens with the following part-of-speech tags . h | attenti d MTST del. Th

as in lled tokens: [33, JJR, JJS, NN, NNS, NNP, NNPs, pDTWIth textual attention, and our model. The

POS, RB, RBR, RBS, PRP$, PRP, MD, CD] instruction pairs are sampled from the Touchdown



| MTSTvsSpeaker | MTSTvsText Attn | SpeakewsText_Attn
| MTST Speaker Ti¢MTST Text_Attn Tie| Speaker Text_Attn Tie

Better describes the street view 67.9 22.8 9.3 44.3 35.8 19.9 28.2 62.7 9.1
More aligned with the ground truth 64.6 26.8 8.6/ 37.6 33.9 285 25.3 62.5 12.2

Choice (%)

Table 6: Human evaluation results of the instructions generated by Speaker, Speaker with textual attention and our
MTST model with pairwise comparisons.

validation set. Each pair of instructions, together
with the ground truth instruction and the gif that
illustrates the navigation street view, is presented
to 5 annotators. The annotators are asked to make
decisions from the aspect of guiding signal correct-
ness and instruction content alignment. Results in
Table 6 show that annotators think the instructions
generated by our MTST model better describe the
street view and is more aligned with the ground-
truth instructions.

Case Study We demonstrate case study results to

illustrate the performance of our Multimodal Text

Style Transfer learning approach. Fig. 5 provides

two showcases of the instruction generation results.

As listed in the charts, the instructions generated

by the vanilla Speaker model have a poor perfor-

mance in keeping the guiding signals in the ground

truth instructions and suffer from hallucinations,

which refers to objects that have not appeared in

the trajectory. The Speaker with textual attentiorFigure 5: Two showcases of the instruction generation

can provide guidance direction. However, the in;esults.. The req tokens indicate incorrectly g_enerated

structions generated in this manner does not utiliz&structions, while the blue tokens suggest alignments

the rich visual information in the trajectory. On with the ground .trUth'. The orange t.)oundm.g boxes
. . show that the objects in the surrounding environment

the other hand, the instructions generated by OYWave been successfully injected into the style-modi ed

multimodal text style transfer model inject more jnstruction.

object-related information (“the light", “scaffold-

ing") in the surrounding navigation environmentsibility of constructing an end-to-end framework.

to the StreetLearn instruction while keeping theWe will also further improve the quality of style-

correct guiding signals. modi ed instructions, and quantitatively evaluate
_ the alignment between the trajectory and the style-
5 Conclusion transferred instructions.

In this paper, we proposed the Multimodal Text
Style Transfer learning approach for outdoor VLN.
This learning framework allows us to utilize out-We would like to show our gratitude towards Jian-
of-domain navigation samples in outdoor environnan Xiang, who kindly shares his experimental
ments and enrich the original navigation reasoningode on Touchdown, and Qi Wu, who provides
training process. Experimental results show thavaluable feedback to our initial draft. We also
our MTST approach is model-agnostic, and outhank the anonymous reviewers for their thought-
MTST learning approach outperforms the baselinggrovoking comments. The UCSB authors were
models on the outdoor VLN task. We believe oursponsored by an unrestricted gift from Google. The
study provides a possible solution to mitigate theviews and conclusions contained in this document
data scarcity issue in the outdoor VLN task. Inare those of the authors and should not be inter-
future studies, we would love to explore the pospreted as representing the sponsor.

Acknowledgments



