Appendices

This document provides more details of our method and
experimental details, which are organized as follows:
e Appendix A: Implementation details of our model;
* Appendix B: Real world deployment.

A. More Implementation Details of Our Model

In this section, we provide more details of our model.
Specifically, we discuss how an autoencoder is employed
to significantly reduce computational costs and GPU mem-
ory consumption. Additionally, we provide comprehensive
details regarding data collection, model specifications, and
training procedures for both our Implicit Partial Comple-
tion(IPC) module and the BEV-based Waypoint Predictor.

A.l. AutoEncoder for Computation Reduction

We introduce an autoencoder to reduce feature dimension.
The encoder part is used followed by the MobileSAM[7]
to reduce channel size from 256 to 32. The decoder part
is used before the Implicit Partial Completion(IPC) Module
to recover the feature dimension back to 256. The primary
advantages of this autoencoder lie in its ability to reduce
feature dimensionality, lower computational costs, and de-
crease memory consumption.

The autoencoder architecture is based on a convolutional
neural network (CNN). The encoder consists of two convo-
lutional layers, each employing the GELU activation func-
tion. Both convolutional layers use a kernel size of 3 with
padding set to 1. The first layer increases the channel size
from 256 to 512, while the second reduces it to 32. The
decoder mirrors this structure, initially expanding the chan-
nel size from 32 to 512 and then reducing it back to 256 to
reconstruct the original feature dimensions.

This autoencoder is trained using images sourced from
the MP3D[1] and HM3D[4] simulators. Images are ren-
dered at specific points within these environments. For
MP3D, these points are derived from the connectivity graph
provided by VLN-CE [3], with 12 views captured per point
at 30-degree intervals. To ensure there is no data leakage,
only images from the training split are utilized for training
purposes. For HM3D, where no such graph exists, navi-
gable points are randomly sampled using API provided by
Habitat[5]. Points closer than 3 meters are filtered out to
ensure diversity in the dataset. A maximum of 10 points are
sampled per scan in the HM3D training split. Ultimately, a
total of 320,000 images are randomly selected to form the
training set, complemented by an additional 32,000 images
collected similarly from the MP3D validation unseen scans
for evaluation purposes.

Training proceeded as follows: for each batch, feature
map m are extracted using MobileSAM[7], followed by
processing through the encoder and decoder to reconstruct

the feature map. We denote the reconstructed feature map
as m. During this process, MobileSAM remains fixed while
the autoencoder is trained. The objective function combined
cosine similarity maximization with L1 and L2 loss mini-
mization:
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The training process uses a batch size of 32 and a learn-
ing rate of 0.0001, following a cosine scheduler for training
10,000 iterations.

A.2. Implicit Partial Completion Module Details
A.2.1. Data Collection

We detail the process of collecting datasets for training
the IPC module. To gather partially incomplete feature
maps, we conduct random navigation in both MP3D and
HM3D environments by following specific trajectories. For
MP3D, navigation is performed along trajectories provided
by R2R-CE. In the case of HM3D, where no predefined tra-
jectories are available, we first randomly sample up to 20
points using the Habitat API, ensuring that each point is
at least 3 meters apart to maintain dataset diversity. These
sampled points serve as starting points, while the farthest
corresponding points within the environment are designated
as endpoints. For each scan, we collect up to 20 trajectories,
navigating from the starting points to their respective end-
points within the HM3D environment.

Prior to navigation, the agent performs a 360-degree ro-
tation to capture surrounding information. During naviga-
tion, we construct the feature field and generate correspond-
ing incomplete panoramic feature maps. Simultaneously,
we collect complete panoramic images to provide supervi-
sion for the IPC module. Each panoramic image comprises
12 monocular images. As a result, we obtain 12 samples
at each step, with each sample consisting of a complete
monocular image paired with its corresponding incomplete
feature map. From the training scans of MP3D and HM3D,
we collected 600,408 training samples, and from the MP3D
validation scans, we gathered 42,444 evaluation samples.

During the training phase, we extracted feature maps
from complete images to establish ground truth for training
the completion module. The incomplete feature maps were
processed through the IPC module to reconstruct the ground
truth. This procedure is elaborated in the main body. Ad-
ditionally, for CLIP feature alignment, we extracted CLIP
features from the images and computed the associated loss.

A.2.2. Model Details

As illustrated in the main body, the IPC module take render
feature maps as input and extract features for then. Besides,
an decoder are used to reconstruct complete feature map
according to extracted features. The IPC module is a 4 layer
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Figure 1. Samples for training our BEV-based waypoint predictor.

transformer. Hidden dimension is 512 and head number is
8. The input feature map size is 32x 32 with channel size
256. We patchify it with patch size 2, yielding 256 tokens.
Together with a learnable [CLS] token, they are input to the
view encoder. To align the [CLS] token with CLIP feature,
we use a linear layer convert 512 dimension to 768 for the
loss calculation.

The decoder follows the same architecture. The only dif-
ference is the inclusion of an additional linear layer that in-
creases the token dimension from 512 to 1024. This layer
helps in recovering these tokens back to the shape of the
input feature map for loss computation.

A.3. Waypoint Predictor

A.3.1. Data Collection

We collect data from MP3D simulator by navigating in
MP3D. Specifically, we extracted the start and end points
of from trajectories in R2R-CE training set and navigated
between them using the shortest path computed on a high-
quality topological connectivity graph provided in [2]. This
graph ensures precise point-to-point navigation while en-
abling us to gather essential training data, such as com-
plete and incomplete top-down view feature maps generated
through feature rendering, coordinates of nearby waypoints
derived from the topological graph, and other relevant in-
formation.

Since a complete bird’s-eye-view(BEV) map is required
for training, we first reconstructed the entire feature field
for each scan before collecting data for waypoint predictor.
During navigation, we rendered the complete BEV maps
based on this whole feature field. Through this process,
we collect 19,273 training samples from the MP3D train-
ing scans and 3,531 evaluation samples from the validation
unseen scans. Some samples are shown in Figure 1.

A.3.2. Model Details

We present the architecture of our waypoint predictor,
which adopts a cascaded UNet framework following the
3DFF approach [6]. As illustrated in Fig. 2, the system
comprises two sequential UNets: the first UNet performs
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Figure 2. The pipeline of waypoint predictor. The input BEV map
is first fed input a UNet for inpainting, then forward into another

UNet to predict a heatmap. After NMS on the heatmap, waypoints
are obtained(red points).

inpainting tasks, while the second generates a heatmap that
indicates the probability distribution of potential waypoints.
The input to this architecture is a BEV (Bird’s Eye View)
map rendered from the feature field. Size of the BEV map
is 192 x 192, with each grid of size 5cm X 5em.

The processing pipeline begins with the BEV map be-
ing fed into the first UNet for inpainting, which produces
an enhanced feature map Z. This inpainted feature map
is subsequently processed by the second UNet to gener-
ate a probabilistic heatmap h, representing potential nav-
igable locations. The inpainting ground truth is obtained
from the complete BEV map, as detailed in Section A.3.1.
For the heatmap generation, the ground truth is formulated
as a combined Gaussian distribution centered on the actual
waypoints, with a standard deviation o = 5, consistent with
the 3DFF methodology.

To extract discrete waypoints from the predicted
heatmap, we employ non-maximum suppression as 3DFF,
with a threshold of 0.01, limiting the maximum number of
waypoints to 10. These selected waypoints are then trans-
formed into world coordinates for subsequent navigation
tasks.

A.3.3. Training

We train the waypoint predictor by combining two loss
functions: Linpaint and Lpeatmap- The total loss function
is defined as:

L= Linpaim‘, + Eheatmap (2)

The inpainting 108S, L;ypqint, is formulated as:
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Here, #; ; represents the inpainted feature, and x; ; denotes
the ground truth feature at pixel location (i, 7). This loss
incorporates both cosine similarity and L1/L2 distance to
ensure robust predictions.
The heatmap 10ss, Lyecatmap, addresses the class imbal-

ance issue in heatmap prediction. It is the loss function pro-
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Figure 3. Hardware platform.

posed in CenterNet [8] and is defined as:
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heatmap = —(1- hl-vj)‘*fzf)j log(1 — iLU) otherwise.
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In this formulation, h; ; is the predicted heatmap value, and
h;.; is the corresponding ground truth. The loss penalizes
false negatives more heavily when h; ; = 1, while reducing
the penalty for false positives when h; ; # 1.

For training, we set the batch size to 8 and use a learning
rate of 0.0001 together with cosine scheduler. The model is
trained for 10,000 iterations to optimize the combined loss
function. We assess the model’s performance using a metric
that calculates the sum of the minimum distances between
the predicted waypoints and the ground truth waypoints, as
well as the minimum distances from the ground truth way-
points to the predicted waypoints. This bidirectional eval-
uation ensures recall and precision of predicted waypoints.
During the training process, we evaluate the model every
1000 iterations. We select the best model according to this
metric for navigation.

B. Real World Deployment
B.1. Deploy Details

We provide details on deploying our model in a real-
world robotic setup. Our platform consists of a Turtle-
bot4 equipped with a RealSense D435i camera for capturing
monocular RGB-D observations, as shown in Figure 3. The
Turtlebot4 is controlled using ROS2 humble, and we obtain
the robot’s pose from its own odom data. The entire model
runs on a laptop equipped with an RTX 4060 GPU, which is
placed on the robot. The RealSense camera is directly con-
nected to this laptop, the captured RGB image and depth
image are resized to 224 x 224 to match the common image
size.

To facilitate the adaptation of simulation code for use
with a real-world robot while minimizing code modifica-
tions, we encapsulate the robot’s control functions within
an API that closely mirrors the simulator’s interface. Given
that the RealSense d435i camera on the Turtlebot4 has a
narrower field of view(FOV) and is mounted at a lower
height compared to its configuration in the simulator, we

initial
Methods rotation NE| OSR?T SRtT SPLT | num steps)
ours 543 565 487 354 153
ours(fix bias) 410 63.0 544 459 99
ours v 4.61 624 548 444 128
ours(fix bias) v 348 677 60.7 529 101

Table 1. Impact of the dataset bias.

trained a new model tailored to these specific conditions.

B.2. Dataset Bias

During the deployment phase, we encounter an issue where
the model is likely to turn back at the first step. This prob-
lem is traced back to dataset bias of R2R-CE, specifically
concerning the initial orientation at the start of each episode,
they are random and do not align well with the navigation
instructions provided. To mitigate this, we adjust the ini-
tial heading to align it with the ground truth trajectory. As
shown in Table 1, this adjustment significantly improves
model performance. After fixing the bias, performance is
increased by approximately 6% both with and without ini-
tial rotation. These results indicate that current VLN mod-
els are significantly constrained by dataset bias. Addressing
such issues can lead to notable improvements in model per-
formance.
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