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Abstract

Vision-language Navigation (VLN) tasks require an
agent to navigate step-by-step while perceiving the visual
observations and comprehending a natural language in-
struction. Large data bias, which is caused by the dis-
parity ratio between the small data scale and large navi-
gation space, makes the VLN task challenging. Previous
works have proposed various data augmentation methods
to reduce data bias. However, these works do not explicitly
reduce the data bias across different house scenes. There-
fore, the agent would overfit to the seen scenes and achieve
poor navigation performance in the unseen scenes. To
tackle this problem, we propose the Random Environmen-
tal Mixup (REM) method, which generates cross-connected
house scenes as augmented data via mixuping environment.
Specifically, we first select key viewpoints according to the
room connection graph for each scene. Then, we cross-
connect the key views of different scenes to construct aug-
mented scenes. Finally, we generate augmented instruction-
path pairs in the cross-connected scenes. The experimental
results on benchmark datasets demonstrate that our aug-
mentation data via REM help the agent reduce its perfor-
mance gap between the seen and unseen environment and
improve the overall performance, making our model the
best existing approach on the standard VLN benchmark.

1. Introduction
Recently, there is a surge of research interests in Vision-

Language Navigation (VLN) [4] tasks, in which an agent
learns to navigate by following a natural language instruc-
tion. The agent begins at a random point and goes towards
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Leave the living room and go down
the hall. Enter the left bedroom.
Stop once you enter the room.

Leave the bedroom; go into the
room across the hall. Turn right in
the room. Wait inside the bedroom. Path of scene 1

Path of scene 2

Scene 2

Scene 1
Cross
Scenes

Leave the bedroom; go into the room
across the hall. Enter the left bedroom.
Stop once you enter the room.

Figure 1. REM mixes up two scenes and generates data triplets
(environment, path, instruction). We divide the two scenes and
recombine them to construct a new cross-connected scene, and re-
construct the corresponding paths and instructions.

a goal via actively exploring the environments. Before the
navigation starts, the agent receives a language instruction.
At every step, the agent can get the surrounding visual infor-
mation. The key to this task is to perceive the visual scene
and comprehend natural language instructions sequentially
and make actions step-by-step.

Recent advances made by deep learning works in the
domains of feature extraction [19, 3, 40, 43], attention [3,
15, 35] and multi-modal grounding [5, 34, 50] facilitate the
agent to understand the environment. Moreover, many rein-
forcement learning works [41, 26, 48] help the agent to ob-
tain a robust navigation policy. Benefited from these works,
previous attempts in the field of Vision-Language Naviga-
tion have made great progress in improving the ability to
perceive the vision and language inputs [17, 16, 56, 55],
and learning a robust navigation policy [62, 18, 23]. How-
ever, the VLN task still contains large bias due to the dis-



parity ratio between small data scale and large navigation
space, which impacts the generalization ability of naviga-
tion. Although the mostly widely used dataset, Room-to-
room dataset [4], contains only 22K instruction-path pairs,
the actual possible navigation path space increases expo-
nentially along with the path length. Thus, the learned nav-
igation policy can easily overfit to the seen scenes and is
hard to generalize to the unseen scenes.

Previous works have proposed various data augmenta-
tion methods in an attempt to reduce data bias. Fried et
al. propose a speaker-follower framework [16] to generate
more data pairs in order to reduce the data bias of the data
samples. Tan et al. [51] propose an environmental dropout
method to augment the vision features in environments;
thereby reducing the vision bias inside a house scene. How-
ever, these methods focus on intra-scene data augmentation
and fail to explicitly reduce the data bias across different
house scenes.

Accordingly, in this paper, we propose to reduce the do-
main gap across different house scenes by means of scene-
wise data augmentation. If an agent sees different house
scenes during a navigation process, it will be less likely to
overfit to a part of the scene textures or room structures. In-
spired by this motivation, we propose our method, named
Random Environmental Mixup (REM), to improve the gen-
eralization ability of a navigation agent. REM breaks up
two scenes and the corresponding paths, followed by re-
combining them to obtain a cross-connected scene between
the two scenes. The REM method provides more general-
ized data, which helps reduce the generalization error, so
that the agent’s navigation ability in the seen and unseen
scenes can be improved.

The REM method comprises three steps. First, REM se-
lects the key vertexes in the room connection graph accord-
ing to the betweenness centrality [8]. Second, REM splits
the scenes by the key vertexes and cross-connect them to
generate new augmented scenes. We propose an orienta-
tion alignment approach to solve the feature mismatch prob-
lem. Third, REM splits trajectories and instructions into
sub-trajectories and sub-instructions by their context, then
cross-connects them to generate augmented training data.
An overview of the REM method is presented in Fig. 1.

The experimental results on benchmark datasets demon-
strate that REM can significantly reduce the performance
gap between seen and unseen environments, which dramat-
ically improves the overall navigation performance. Our ab-
lation study shows that the proposed augmentation method
outperforms other augmentation methods at the same aug-
mentation data scales. Our final model obtains 59.1% in
Success weighted by Path Length (SPL) [2], which is 2.4%
higher than the previous state-of-the-art result; accordingly,
our method becomes the new state-of-the-art method on the
standard VLN benchmark.

2. Related Work
Embodied Navigation Environments are attracting rising
attention in artificial intelligence. House3D [58] is a man-
ually created large-scale environment. AI2-THOR [30] is
an interactable indoor environment. Agents can interact
with certain interactable objects, such as opening a drawer
or picking up a statue. Recent works have tended to fo-
cus on simulated environments based on real imagery. The
Active Vision dataset [1] consists of dense scans of 16 dif-
ferent houses. Moreover, Matterport3D [4], Gibson [59]
and Habitat [47] propose high-resolution photo-realistic
panoramic view to simulate more realistic environment.
Vision-Language Navigation has attracted widespread at-
tention, since it is both widely applicable and a challeng-
ing task. Anderson et al. [4] propose the Room-to-Room
(R2R) dataset, which is the first Vision-Language Naviga-
tion (VLN) benchmark to combine real imagery [9] and
natural language navigation instructions. In addition, the
TOUCHDOWN dataset [11] with natural language instruc-
tions is proposed for street navigation. To address the VLN
task, Fried et al. propose a speaker-follower framework [16]
for data augmentation and reasoning in a supervised learn-
ing context, along with a concept named “panoramic action
space” that is proposed to facilitate optimization. Wang
et al. [55] demonstrate the benefit of combining imita-
tion learning [6, 20] and reinforcement learning [41, 48].
Other methods [56, 36, 38, 51, 28, 24] have been pro-
posed to solve the VLN tasks from various perspectives.
Due to the success of BERT [15], researchers have ex-
tended it to learn vision-language representations in VLN.
PRESS [33] applies the pre-trained BERT to process in-
structions. PREVALENT [18] pre-trains an encoder with
image-text-action triplets to align the language and visual
states, while VLN-BERT [39] fine-tunes ViLBERT [34]
with trajectory-instruction pairs. Hong et al. [23] imple-
ments a recurrent function to leverage the history-dependent
state representations based on previous models.
Data Augmentation is widely adopted in diverse deep
learning methods. Early data augmentation methods in the
field of computer vision were manually designed; these in-
clude distortions, scaling, translation, rotation and color
shifting [12, 54, 49, 46]. The traditional approach to text
augmentation tends to involve a primary focus on word-
level cases [61, 29, 57]. Some works have achieved suc-
cess in using GAN to generate augmentation data [7, 45].
Zhang et al. [60] propose mixup, which is a linear inter-
polation augmentation method used to regularize the train-
ing of neural networks. Data augmentation has also been
investigated in RL, including domain randomization [52,
42, 44], cutout [13] and random convolution [32]. In the
vision-language navigation context, Fried et al. propose
to use a generation method [16] to generate data pairs,
while Tan et al. [51] propose an environmental dropout



method to augment the vision features in various envi-
ronments. In a departure from these augmentation meth-
ods, our REM method cross-connects the scenes and the
instruction-trajectory pairs, thereby improving the model’s
generalization ability among different scenes.

3. Preliminaries

3.1. Vision-language Navigation

Given a series of triples (environment E, path P , in-
struction I), the VLN task requires the agent to under-
stand the instruction in order to find a matching path in
the corresponding environment. The environment E con-
tains a large number of seen and unseen scenes, the path
P = fp0; : : : ; png is composed of a list of viewpoints with
a length of n; morever, instruction I = fw0; : : : ; wmg con-
sists of m words, and a certain correspondence exists be-
tween path P and instruction I . At time step t, the agent
observes panoramic views Ot = fot;ig36

i=1 and navigable
viewpoints (at most k). The picture Ot is divided into 12
views in the horizontal direction and 3 views in the vertical
direction, for a total of 36 views. At the t-th step, the agent
predicts an action a � ��(I;Ot), where �� is the policy
function defined by the parameter �. The actions include
‘turn left’, ‘turn right’ and ‘move forward’ as defined in the
Matterpot environment [4]. In the Matterport dataset [9],
each scene is discretisized by a navigation graph consists of
viewpoints. We model each scene as a graph G = (V;E),
where the vertexes set V is a set of scene viewpoints, while
E is the connection between viewpoints.

3.2. Reduce Generalization Error in VLN

The learning problem can be formulated as the search of
the function f 2 F , which minimizes the expectation of a
given loss ‘(f(x); y). However, the distribution P of sam-
ple (x; y) is generally unknown. We can often obtain a set
T � P and use it as a training set. The approximate func-
tion f̂ can then be implemented by Empirical Risk Mini-
mization (ERM) [53]. However, a gap still exists between f̂
and f . This error describes the generalization ability of f̂ .
The generalization error can be expressed as follows:

Rge(f̂) = R(f)�R(f̂)

=

Z
(‘(f(x); y)� ‘(f̂(x); y))dP(x; y):

(1)

In order to enhance the generalization ability of f̂ , it is nec-
essary to reduce Rge. According to the Vicinal Risk Mini-
mization (VRM) [10]:

Rv(f) =
1

m

nX
i=1

‘(f(~x); ~y); (2)
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Figure 2. The generalization error of the original training set and
different augmentation training sets. With Original (Red) ! ISA
(Orange) ! NSA (Green) ! REM (Blue), the distance between
T and ~T is getting farther and farther, and the generalization error
decreases accordingly.

where (~x; ~y) 2 (T [ ~T ), ~T � P , ~T ⊈ T . This means that
more samples are needed to lower Rge. When the number
of samples is certain, the farther the distance d((~x; ~y); T )
from the sample (~x; ~y) to the training set T , the better the
generalization ability.

In the VLN task, the training set consists of N scenes:

T = (S1 [ S2 [ � � � [ SN ): (3)

We define a data augmentation function aug(Si; Sj). The
generated augmentation data follows the distribution P:

~Si;i = aug(Si; Si) � P;
~Si;j = aug(Si; Sj) � P;

(4)

where ~Si;i is the intra-scene augmentation data set, and
~Si;j is the inter-scene augmentation data set. According to
Eqs. 1 and 2, we have the following assumption: compared
with ~Si;i, the distance from ~Si;j to Si is farther, denoted as
d( ~Si;i; Si) < d( ~Si;j ; Si). Therefore, the model learned on
the inter-scene augmentation data has a smaller generaliza-
tion error than which learned on the intra-scene augmenta-
tion data.

Previous methods have proposed two kinds of data aug-
mentation methods in VLN: the intra-scene augmentation
(ISA) method, as in [16], only constructs new paths and in-
structions in the scene; the near-scene augmentation (NSA)
method, as in [51], breaks through the limitations of the
scene to a certain extent by adding Gaussian noise to the
scene, but only expands the scene to a small neighbor-
hood. For our part, we propose a inter-scene data augmenta-
tion method: Random Environmental Mixup (REM). REM
method mixes up two scenes constructs a cross-connected
scene between the two scenes. In contrast to the other meth-



Algorithm 1: Selecting key vertexes

Input: Scene graphG; Paths listP = f p1; :::; pjP j g
Output: Key vertexesvkey

s ; vkey
t

1 Get vertexes setV of G;
2 Get edges setE of G;
3 ~V = f v j top 10v in V ordered byV CB (v)g;
4 ~E = f e j top 10e in E ordered byECB (e)g;
5 m = 0 ;
6 // Select the vertex passed by the most paths.
7 for e in E do
8 Get vertexesvs; vt of the edgee;

9 ne =
P jP j

i =1 (1f e2 pi g + 0 f e=2 pi g);
10 if vs; vt 2 V then
11 if m < n e then
12 m = ne;
13 vkey

s = vs;
14 vkey

t = vt ;
15 end
16 end
17 end
18 return vkey

s ; vkey
t

ods, it exceeds the limitation of the scene itself and con-
structs augmentation data under a broader data distribution.

Fig. 2 illustrates the difference between three methods.
The inter-scene method provides more generalized data;
this helps to reduce the generalization error, meaning that
the agent's navigation ability in the seen scene and the un-
seen scene can be improved. Subsequent experiments have
veri�ed this assumption.

4. Random Environmental Mixup

We propose an inter-scene data augmentation method to
construct new environments, paths, and instructions with
the aid of training sets. In the training set of the VLN
task, there are a large number of different scenes. We ran-
domly select two scenes from the set of training scenes and
mix them up to generate cross-connected scenes. Adopt-
ing this approach enables us to construct the corresponding
paths and instructions. When mixing of scenes, we have the
following problems: 1) how to choose key vertexes in the
scene for mixup? 2) how to mix up two scenes to obtain
cross-connected scenes? 3) how to construct new paths and
instructions in cross-connected scenes? Solutions to these
problems are presented below construct a large number of
cross-connected scenes, that are unseen relative to the orig-
inal training set.

Figure 3. Selecting key vertexes through betweenness centrality.
The green edges are often the entrances and exits of rooms or cor-
ridors, we choose thetwo vertexesof the green edge that contains
the most paths as the key vertexes.

4.1. Select Key Vertexes

Key vertexes are crucial to mixing between scenes. Their
characteristics can be summarized as follows: 1) the en-
trance or corridor that connects two rooms; 2) the vertex has
many paths through it. In order to match the above charac-
teristics, key vertexes can be selected with reference to the
betweenness centrality [8] of the graph:

V CB (v) =
X

s6= v6= t 2 V

� st (v)
� st

;

ECB (e) =
X

s6= t 2 V ;e2 E

� st (e)
� st

;
(5)

whereV CB (v) is the betweenness centrality of the vertexv,
ECB (e) is the betweenness centrality of the edgee; � st (v)
is the number of shortest paths froms to t, passes through
the vertexv; � st (e) is the number of shortest paths froms to
t through edgee; � st is the number of all shortest paths from
s to t. Betweenness centrality describes the importance of
vertex by the number of shortest paths passing through ver-
texes or edges. Once the vertex is removed from the graph,
the points on both sides will be disconnected.

As shown in Fig. 3, we select the top 10 vertexes and
edges of betweenness centrality to obtain the corresponding
setsV V CB andE EC B ; subsequently, by excluding edges in
E EC B whose vertexes are not inV V CB , we obtain the �nal
key subgraphGCB . In order to ensure that more paths are
subsequently generated, we select the edgeekey that con-
tains the most supervised paths fromGCB , along with its
corresponding vertexesvkey

s ; vkey
t . We observe from Fig. 3


