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Abstract— We study the problem of embodied depth predic-
tion, where an embodied agent in an environment must learn
to accurately estimate the depth of its surroundings. Such a
task can be useful for embodied AI where it is highly desirable
to accurately predict 3D structure when deploying robots in
novel environments. However, directly using existing pre-trained
depth prediction models in this setting is difficult as images
are often captured in out-of-distribution viewpoints. Instead, it
is important to construct a system that may adapt and learn
depth prediction by interacting and gathering information from
the environment and which may utilize the rich information
in past observations captured from ego-motion. Towards this
problem, we propose a framework for actively interacting with
the environment to learn depth prediction, leveraging both
explorations of new areas of space and exploration of areas
of space where depth prediction is inconsistent. To exploit
the rich information captured from past observations in the
embodied setting, we further jointly utilize current and past
image observations and their corresponding egomotions to
predict depth. We illustrate the efficacy of our approach in
obtaining accurate depth predictions in both simulated and
real household environments. More information is available at
https://embodied-depth.github.io/.

I. INTRODUCTION

Depth estimation is a long-standing problem of interest
in computer vision and robotics. Recent approaches have
enabled sharp depth prediction on complex scenes using large
labeled datasets of images [46] or videos [18]. However,
directly applying existing depth prediction approaches to
embodied environments is difficult, as observations of the
world are often captured at odd viewpoints not seen in
training datasets (Fig. 1) and further consists of both novel
objects and scene arrangements never seen before. Instead,
to accurately predict depth in embodied settings, an agent
must learn to refine its depth predictions through active
interaction with the environment, and explore and gather
images in the environment so that it may accurately estimate
depth across different viewpoints. While previous work has
explored self-supervised depth prediction [70], [17], [18],
[1], it assumes access to offline datasets of monocular RGB
videos. In contrast, an agent in an embodied environment
must actively interact and explore to gather such data.

The ability to adapt depth prediction models is immensely
helpful for robotics. Robots are often deployed in novel
environments, where underlying visual viewpoints are sub-
stantially different than those depth prediction models are
trained on, making transferring existing depth models difficult.
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Fig. 1: Embodied Depth Prediction. By exploring an environment,
our approach learns efficiently to predict depth accurately from a
wide range of viewpoints.

Furthermore, using RGB-D sensors to gather depth data in
the environment is both expensive and noisy, often missing
reflective and metallic surfaces [19], [26]. Simultaneously,
accurate depth prediction is extremely helpful in robotics,
enabling accurate navigation [42], [2], and obstacle avoid-
ance [56], [25], as well as robust object manipulation [36],
[29]. Thus in this paper, we propose the problem of embodied
depth prediction, where a robot, without access to a depth
sensor, gathers new images in the world so that it can adapt
and learn a depth prediction model. We study this problem
in indoor scenes which are particularly relevant to robotics
but also where depth prediction is especially complex due to
occlusions and obstacles.

Given an initially poor depth estimation network, how
can we accurately explore an environment to obtain better
depth prediction? One possible solution is to leverage recent
work in self-supervised monocular depth prediction [70], [17],
[18], [1]. Concretely, we use the gathered RGB observations
in combination with photometric loss to refine our depth
prediction network. However, a challenge remains as to how
we may collect effective data for accurate depth prediction.
We wish to explore and construct a diverse dataset of
RGB observations across all locations in the environment,
but also prioritize locations where our depth prediction is
likely to be incorrect i.e.when it is inconsistent with ego-
motion. To prioritize both sets of objectives, we propose a
joint exploration policy that uses both frontier exploration,
based on current depth predictions, as well as inconsistency-
driven exploration, which prioritizes 3D areas where depth
predictions are inconsistent with robot ego-motion.

In the setting of embodied depth prediction, an agent sees
both its current image observation, as well as a history of
past observations and the associated ego-motions. Such past
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observations can be greatly informative to depth prediction —
limited optical flow in the presence of substantial ego-motion
indicates a faraway object. Thus to further improve embodied
depth prediction performance, we propose to leverage both
past and current observations and their associated egomotion
to predict depth. We use an off-the-shelf optical flow network
to triangulate a coarse depth map across past image obser-
vations and use this fused depth information to accurately
derive the final depth predictions.

In summary, our work makes the following contributions.

« We propose and formulate the embodied depth prediction
problem.

« We present an active exploration policy that gathers data
for effective depth prediction.

o We present a depth prediction architecture that can leverage
both current and past observations collected with ego-motion,
fused together through optical flow, to jointly predict depth
in the embodied setting.

o We illustrate the efficacy of our approach to depth pre-
diction in both simulated and real environments. In real
environments, we find unique challenges present in real
environments that are not in simulated ones, and we curate
and will release a dataset/benchmark for further research in
this area.

II. RELATED WORK

Embodied Learning. Embodied learning, where a physical
agent must actively interact, navigate and learn from its
environment, has seen increased interest in vision in recent
years with the advent of simulators such as Matterport3D
[4], Habitat [53], ThreeDworld [15]. These simulators enable
agents to actively explore and obtain realistic visual obser-
vations from the environment, enabling the construction of
new tasks such as visual navigation [63], [62] and instruction
following [50]. Furthermore, embodied learning provides
unique challenges for traditional computer vision tasks, as an
agent must now actively gather the data it learns from, such as
object detection [13], [33], and object segmentation [65] and
representation learning [8]. Similarly, in robotics, embodied
learning has also been extensively studied for long term
autonomy [22], [35], [37], [9], [34]. Across both domains,
accurate depth maps are often crucial for accurate exploration
and learning. In this work, we explore how we may learn to
estimate such depth maps in an unsupervised manner, where
an agent may freely move in its underlying environment.

Self-Supervised Monocular Depth. Self-supervised monocu-
lar depth learning has seen significant development in recent
years. Zhou et al. [70] proposed using photometric loss to
train depth and ego-motion networks, which was further
improved upon by subsequent works [55], [3], [51], [21] such
as the use of stereo image pairs [17] and occlusion solving
[18], [20]. Additional constraints such as ICP regularization
[38], two-view sparse triangulated depth supervision [69],
and geometric constraints [1], [5] have also been introduced.
Some methods have utilized recent frames to predict current
depth with cost volumes [60] and recurrent neural networks
[44], [58], [68], or for test-time training [5], [3]. Existing
approaches operate without the assumption of ego-motion,

which is easy to acquire in the embodied setting, and operate
primarily on large outdoor scenes that differ significantly
from the indoor environments studied in our work.

3D Reconstruction and Mapping. 3D Reconstruction and
Mapping have been extensively researched in computer vision
and robotics. Visual SLAM [32] estimates the camera’s pose
and reconstructs 3D environments with either pixel intensities
[12], [11], [14] or feature-based matching [16], [43]. On
the other hand, SFM and MVS reconstruct sparse or dense
consistent 3D models from unordered image collections [48],
[49], [66], [24], [57], [27]. Recently, Neural Radiance Field
[41] approaches gain popularity, which synthesizes novel and
realistic views of a scene from a set of images by continuously
mapping 3D coordinates and view directions into color and
densities [61], [39], [45], [10], [67]. In contrast to these 3D
reconstruction approaches, which require dense multi-view
images of a scene and focus on obtaining accurate ego-motion,
consistent 3D models, or realistic images, we are interested in
learning a neural network that can accurately estimate depth
from the past few observed frames.

III. EMBODIED DEPTH PREDICTION

We begin in Sec. III-A by formulating the problem of
embodied depth prediction as an optimization problem and
propose a photometric loss function used to train the depth
prediction model in Sec. III-B. We then discuss our method of
modeling the indoor environment with predicted depth maps
in Sec. III-C, and how an agent can explore an environment
to collect observations to ensure accurate depth estimation
in the embodied setting in Sec. III-D. Finally, in Sec. III-E,
we discuss an embodied depth prediction architecture that
exploits the multi-frame input and ego-motion of available
in the embodied setting.

A. Problem Formulation

We consider an embodied environment in which an agent
receives a continuous sequence of RGB images {[1,...,[;}
and corresponding ego-motion {77i,...,T;}, where T; =
[R;,u;] € R3** represents the relative transformation of ego-
motion at time 7. We assume that the relative transformation
of ego-motion is reliable within a certain distance range
R, such that the agent at time ¢ can use as input {7; |
i <t |u(T})|l2 < R}, where u(T}) denotes the translation
component of the ego-motion 7; in the coordinate system of
time .

The goal of embodied depth prediction is to construct a
policy 7 to actively explore the environment and a derived
depth prediction model fy- () learned from images gathered
from 7 such that fy- () accurately predicts depth of images
drawn from a test distribution p. We formulate this as the
following optimization problem:

max B [M (fo () (x0), du) |
s.t. 0% (m) = argmin Er [L (fo(xx))]

where fy(-) is a depth prediction model parameterized by 6,
M is a metric function that computes the accuracy of the
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Fig. 2: Method Overview. Our approach to embodied depth prediction gathers and maintains a buffer of RGB images from the environment.
A set of k contiguous data including images It —:t,, and their associated ego-motion T}, —:¢, are sampled from the replay buffer
and used to generate the depth prediction d;,, with Embodied Depth Network that is trained using photometric loss. More images are
gathered with an active policy using a combination of frontier exploration and depth-inconsistency between predicted depth at nearby RGB

observations.

depth prediction model, x,, and d, are a test input and its
corresponding ground-truth depth from u, x, denotes the data
collected by following the policy 7, and L(-) is a photometric
loss function used to train the model, which we introduce in
Sec. I1I-B.

B. Photometric Depth Prediction Loss

To train our embodied depth network, we require a self-
supervised loss function as the agent has no prior knowledge
of the 3D structure of the environment. In line with previous
work [17], [18], [70], we use a photometric loss Lynoto
and smoothness loss Lgnootm, With our total training loss
a weighted combination of both losses.

To construct a photometric loss, we render a warped image
I,_,, using a differentiable bilinear interpolation [28], given
the relative pose from time ¢ to neighboring time s, and the
current depth prediction d;. We then compute the photometric
loss with the SSIM function [59]:

a
Lp(It, Is—t) = 5(1—SSIM(It7 I o)) +(1=a) | I—Ts |1

To handle occlusions and disocclusions, we adopt the
minimum photometric loss per pixel across all source images,
following the approach in [18]:

Lphoto = IIBD Lp (Ita It’%t)~

)]

To encourage smoothness of depth, we use an L1 penalty with
edge-aware smoothness over depth, following the approach
in [17]. The loss function is given by:

Lmooth = \(%dﬂe*‘awhl + |ayd>tk|ef|8ylt|’

where the mean-normalized inverse depth d} = d;/mean(d;)
is used to prevent the shrinkage of the estimated depth.

C. Occupancy Map Construction and Navigation

To effectively navigate and explore, an agent must be
able to accurately construct a 2D occupancy map of its
environment as it goes. As both our odometry and our

Algorithm 1 Embodied Exploration

Input: agent action to image/pose mapping Env(-), strat-
egy switch threshold 7, training data distribution up,
Initialize: fp : RT*3*HXW _ RIXHXW " data replay
buffer b of length I, t + | — k
while len(b) < max data size do
for batch ~ pp, do
0«0 + WVLQ
while new data < r do > New data collection
for ¢ to len(b) do > Predict history depth maps
dy = folly, ., L_n, TN, TEY
if recent data size < 7 then
a <+ Inconsistency(dt, cit_k)
else
a <« Frontier(cfh CZH, - Jt,k)
b.push(Env(a))

> Model training

underlying depth prediction are unreliable, we construct a
local 2D occupancy map of the nearby neighborhood which
we will use downstream for exploration in Sec. III-D.

The occupancy grid map m is constructed by back-
projecting depth maps dy, into 2D points z; and we apply
Bayesian filtering to update occupancy probabilities. Log-
odds representation is used for efficiency:

lei =li—1,; + Plmylze) — oy

(2)
where I; ; = log % is the log-odds of occupancy

at each cell, P(m;|z;) is the occupancy probability of each
pixel, and [y ; is the prior log-odds of occupancy at pixel i.

The constructed occupancy grid map serves as a graph for
the agent’s planning and navigation. We use the A* algorithm
to find the shortest path from the current position to the
destination.

D. Embodied Exploration

To gather data for effective depth learning, our embodied
approach involves exploring as much of the area of the



environment as possible, as well as exploring regions where
the depth estimation is uncertain, i.e., frontier exploration
and depth-inconsistency exploration respectively.

Embodied Training. After N frames of data collection, we
collect and maintain a replay buffer of prior observations to
train a depth prediction model. We provide an overview of
our training pipeline in Algorithm 1.

Depth-inconsistency Exploration. We use inconsistencies
between past depth predictions (dt, dt — k) and their relative
camera poses (th’_k) to guide data collection. First, We
create local occupancy grid maps (mt¢, mt — k) from these
depth predictions. After scanning each pixel ¢ and identifying
inconsistent ones satisfying m;(¢) # m; (i), connected
inconsistent pixels form regions for exploration. We then
sample an empty point from the center of the largest
inconsistent region using a normal distribution as the planning
goal. This strategy collects data where significant differences
exist between current and past depth predictions, enhancing
learning in uncertain regions.

Frontier Exploration. To ensure comprehensive data collec-
tion in diverse subareas (e.g., bedrooms and kitchens), we
adopt the frontier exploration strategy. We identify frontier
edge cells (empty points neighboring unknown cells) and
group them into frontier groups. A minimum group size
threshold determines significant groups. We randomly select
a frontier group’s center as the planning goal and explore the
surrounding area for data collection. We alternate between
frontier and depth-inconsistency exploration after a set number
of iterations, balancing the exploration of novel regions with
areas featuring inconsistent depth.

E. Embodied Depth Network

In the embodied setting, we have access to multiple prior
RGB observations as well as agent ego-motion. We propose
a new network, Embodied Depth Network (EDN) which
exploits information uniquely available for embodied depth
prediction.

To get an estimate of depth from ego-motion, we establish
pixel-correspondences between past RGB observations and
relative poses using optical flow. In particular, we employ
RAFT [54] to compute a displacement Au; for every pixel
position u(t) [z Et) ygt), 1]7 of the current frame I; to its
correspondm% pixel in the past frame I;_j, k > 0, such that

t=k) + Au Given these correspondences and the
relatlve poses T/~ * from ¢ to t — k, we can compute a coarse
depth map d; by solving the following linear least-squares

(t k)

problem [30],
i1 |u?d, 2
dtfargmanH (t k)| T,7"K Y |

where T! =% € R3** denotes the relative pose, and K € R**4
is the camera intrinsic matrix.

We then compute the final output depth map d, from a
coarse depth map d;, by encoding it along with the current
RGB image I; into a refinement network which follows the
DispNet architecture [18]. This overall architecture of EDN
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Fig. 3: EDN Architecture. EDN uses optical flow correspondences
and ego-motion poses of past RGB observations to obtain coarse
depth map of the scene. The coarse depth map is then refined with
visual observations to obtain a final depth prediction.

enables us to both exploit ego-motion to obtain coarse depth
maps of the environment and to use visual observations to
refine and correct depth.

IV. EXPERIMENTS

A. Implementation Details

Experimental Environments. We conducted experiments
in six different environments: three from Matterport3D [4]
(JeFG25nYj2p, 17DRP5sb8fy, 2t7WUuleko7) and three from
Gibson [64] (Herricks, Eastville, Cordor). These environ-
ments are referred to as Largel, Mediuml, Smalll, Large?2,
Medium?2, and Small2. We used Habitat-Sim [53] with the
action space included forward movement (0.03 meters) and
2-degree left and right turns. This diverse set of environments
allows us to assess our method’s robustness.

Baselines. We compare EDN with three state-of-the-art
depth-prediction networks: Monodepth2 [18], SC-depth [1],
and Manydepth [60]. These networks are adapted to our
embodied settings, with data collected through random or
active exploration, totaling about 30,000 frames. In random
exploration, the agent randomly selects forward movement,
left turn, or right turn actions.

Evaluation Metrics. For depth evaluation, we use the
accuracy under threshold (6 < 1.25) following previous
methods [70], [18]. To align predicted depth maps with the
ground truth scale, we scale them by a factor that matches the
median to the ground truth scale, as in [70]. The validation
and test datasets consist of manually collected data throughout
all visible regions, with approximately 2,000 to 3,000 frames
per scene, ensuring diversity and representativeness.

B. Simulation Results

Embodied Depth Prediction. Our active exploration policy
significantly improves depth prediction model performance as
shown in Table I. Additionally, our embodied depth network
combined with the active exploration policy outperformed all
other approaches, achieving state-of-the-art performance on
our dataset. Figure 4 visually demonstrates the superiority
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Fig. 4: Depth Prediction Visualization. Our proposed approach demonstrates better accuracy and consistency in producing depth maps
compared to the conventional random exploration strategy with Monodepth2. This can be attributed to the enhanced exploration capabilities
of our active policy, which also leverages multi-frame inputs to effectively overcome limitations associated with single-frame inputs.

Method Policy Largel Large2 Medium1 Medium?2 Smalll Small2 Mean
Monodepth2  Random  0.436£0.014  0.40440.004  0.464+0.031  0.507+0.025 0.504+0.017  0.525+0.004 0.473
SC-depth Random  0.386+0.014  0.430+0.003  0.2814+0.037  0.487+0.015  0.473+0.032  0.573+0.020  0.438
Manydepth Random  0.179£0.040  0.386+0.009  0.2164+0.052  0.419+0.011  0.2894+0.012  0.572+0.008  0.344
Monodepth2  Active 0.505+0.030  0.526+£0.004  0.551+0.012  0.563+0.017  0.635+0.048  0.699+0.018  0.580
SC-depth Active 0.46440.032  0.552£0.012  0.498+0.003  0.550£0.002  0.619+0.002  0.688+0.008  0.562
Manydepth Active 0.48440.030  0.462£0.010  0.531+0.006  0.557£0.011  0.585+0.027  0.7244+0.017  0.557
EDN (Ours)  Active 0.505+0.014  0.570+£0.023  0.548+0.006  0.569+0.013  0.668+0.025  0.7324+0.006  0.599

TABLE I: Quantitative Depth Results. Accuracy of depth prediction 6 < 1.25 with standard error (across 3 experiment runs) with active
or random exploration. Active exploration improves performance subsftantiallv

Method  Largel Medium1 Medium2 Mean
Forward  0.420£0.006  0.433£0.017  0.525+0.002  0.459
Random  0.436+0.014  0.464+0.031  0.507+0.025  0.469
Frontier ~ 0.476£0.008  0.547£0.005  0.539£0.018  0.521
Active 0.505+0.014  0.551+£0.012  0.563+0.017  0.540

TABLE II: Ablation of Exploration. Effect of different active
exploration policies on embodied depth prediction. Depth accuracy
(0 < 1.25) reported across 3 seeds.

of our approach over random exploration with Monodepth?2,
producing more accurate and consistent depth maps.

Our embodied depth prediction setting poses greater
challenges than existing depth benchmarks on KITTI [40],
where state-of-the-art models achieve accuracy above 90%
[60]. In comparison to KITTI, indoor environments have
substantial occlusions, challenging the learning depth maps
with photometric loss. Furthermore, image distribution varies
considerably across different positions in a large environment,
with full navigation across the environment challenging due to
narrow corridors connecting different regions. Finally, images
collected in rotation motion, are more challenging to use for
depth supervision compared to translation in KITTIL.

Exploration Strategies. We conduct an ablation study to
assess our exploration policy’s effectiveness, comparing four
strategies: forward exploration, random exploration, frontier-
based exploration, and our active policy. Table II presents
accuracy measurements for each strategy, and Fig. 5 illustrates
their exploration trajectories.

Forward exploration, driven by continuous forward move-
ment, limited data diversity due to trapping the agent. In
contrast, random exploration covered a wider area how-
ever with more variance. Frontier-based exploration enabled
passage through narrow spaces while incorporating depth-

Largel Mediuml Medium?2
] ———————————
Forvard ~ ] 7
TR oerara - WH
Random :: ' MM j
Frontier .. . w .
Il . -
Active -

Fig. 5: Exploration Trajectories. Exploration trajectory maps
displaying traversable areas (grey) and untraversable areas (white)
with the agent’s trajectory represented by a black line.

inconsistency exploration significantly improved embodied
depth prediction.

Moreover, we examined data size effects on model per-
formance in Fig. 6. Forward exploration, despite a strong
start, restricts data distribution, leading to performance stag-
nation. In contrast, the active policy improved the most with
increasing data, and frontier-based exploration outperformed
pure randomness. Our findings emphasize the pivotal role of
exploration strategy selection and combination in enhancing
depth prediction performance.
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Fig. 7: Real-world Exploration Trajectories. Overhead exploration
of our active policy. We also manually collect Trajectory 1 and 2 for
testing which cover different areas and views in our environment.

C. Real Results

Experimental Settings. We conducted real-world experi-
ments using a Jackal robot equipped with an Intel Realsense
L515 camera for capturing RGB images and sparse depth
maps during robot motion. LiDAR generated depth maps with
occasional sparsity beyond its 9-meter range, marked as 0
meters. Robot Operating System (ROS) [52] controlled robot
movement, and ORB-SLAM?2 [43] provided recent camera
trajectories using images and sparse depth maps as input.
The indoor experiments, illustrated in Fig. 7, employed a
pre-trained model, fine-tuned offline to optimize training time
and accommodate limited GPU memory on the robot. We
collected 10,000 frames for training our method with random
and active policies, as shown in Fig. 7. For evaluation, we
manually gathered two trajectories (4,000 frames each) in the
indoor environment’s primary area, using LiDAR readings
as ground truth depth. These real-world experiments validate
the proposed method’s practical applicability.

Qualitative Visualization. In Fig. 8, we present depth
visualizations comparing our model’s predictions with ground

RGB

LiDAR

Random
+EDN

Active
+EDN

Fig. 8: Real-World Depth Prediction. Comparison of embodied
depth prediction using active or random exploration. Active EDN
obtains more accurate depth prediction in far away regions in images.
The second row corresponds to LiDAR readings of depth — regions
with depth greater than 9 meters have empty depth.

truth. Real-world experiments introduced unique challenges
compared to simulation. Firstly, lighting conditions varied
due to factors like sunlight, artificial lighting, and camera
exposure adjustments, impacting depth prediction accuracy
and photometric loss. Additionally, the presence of moving
objects like pedestrians posed challenges in distinguishing
ego-motion from object motion. Lastly, furniture positions
changed over time, causing images in our test distribution to
differ from those in training.

Method Trajectoryl  Trajectory2
Pretrained 0.233 0.301
Random 0.267 0.325
Active 0.400 0.432

TABLE III: Real World Quantitative Depth Results. Depth
accuracy (§ < 1.25) on real images gathered across two test
trajectories. Active exploration improves performance substantially.

Quantitative Results. To quantify the impact of these
challenges, we report the accuracy of our model’s performance
on a dataset collected from a real-world environment in Table
III. We compute the accuracy by masking the empty pixels in
LiDAR. Our results highlight the added difficulty of embodied
depth prediction in real-world images. As many of these
difficulties are not easily simulatable in existing simulators,
yet crucial for effective depth prediction in robotics, we plan
to release both our gathered images and evaluation set to
enable a reproducible benchmark to support future research
in embodied depth prediction.

V. CONCLUSION

This paper has introduced the problem of embodied
depth prediction, where an agent in an environment must
actively gather information to learn to estimate depth. Our
proposed approach substantially surpasses prior approaches in
effectiveness. We further carry out an in-depth analysis of our
model on the real-world dataset and find the model falls short
due to changing lighting conditions. This can be potentially
solved by using more robust photometric losses. To facilitate
the development of more robust embodied depth prediction
approaches, we release a dataset for studying embodied depth
prediction on real images. We hope our formulation and
dataset stimulate future research toward solving this important
problem.
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APPENDIX

In this supplemental document, we provide more setting
details (Section A), experimental details of our method
(Section B) and additional visualization results (Section C).

A. Details in Embodied Exploration

a) Collision Detection.: To avoid collisions during
exploration, we equip the agent with a base lidar sensor as a
safety measure, given that the initial depth model may not
be precise enough to navigate through obstacles effectively.
In the event of an imminent collision predicted by the base
sensor, we mark the collided location as occupied in the local
occupancy grid map to adjust the agent’s future exploration
plans. This process helps prevent the agent from repeating
failed actions and improves its exploration efficiency. In
addition, to prevent any damage of the device in the real
world, we have a base LiDAR Hokuyo UTM-30LX, and if
obstacles are within 0.2 meters, we force the car to move
backward as a safety measure.

b) Depth Model Initialization.: To effectively execute
frontier and inconsistency exploration strategies, a depth
prediction model must have reasonable depth predictions.
Thus to obtain initial reasonable depth predictions, we first
gather images from the environment using random exploration
to train our initial depth prediction network. Afterward, we
use the initialized models to do our embodied exploration.

B. Experimental Details

a) Agent Settings: The agent has a camera with the
height of 0.8 meters and a 90-degree field. We also set the
base Lidar range at 0.1 meters for collision detection, and the
output depth ranges from 0.1 to 20 meters, which is suitable
for indoor environment cases. The image size is [192, 640],
which is a common resolution used in unsupervised depth
prediction works for comparison.

In active exploration, to warm up the model, the agent
first collects 6,000 frames using random exploration. We then
begin active exploration, alternating between frontier-based
exploration for 800 frames with depth-inconsistency-based
exploration for 400 frames.

b) Network Architecture.: Our Embodied Depth Net-
work (EDN) takes as input multiple RGB images and their
corresponding camera poses and outputs an inverse depth
map. To ensure a fair comparison with related networks,
we used two past frames to predict the depth. The coarse
depth map is obtained as explained in Section III-E, using
a pretrained RAFT [54] model on KITTI [40] dataset. The
refinement network architecture is based on a UNet [47],
which comprises a ResNet18 [23] encoder to extract features
from both the coarse depth map and the current RGB image.
These features are then fused using point-wise addition and
fed into the decoder, which is a DispNet similar to [70]. The
output of the decoder has sigmoid activation layers, while
ELU nonlinearities [6] are used elsewhere. We convert the
sigmoid output z to depth D using D = 1/(ax + b), where
a and b are chosen to ensure that D falls between 0.1 and
20 meters.
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(a) Ilustration of Frontier Exploration. The agent sets the goal to the center
of one randomly-picked frontier group which is based on the occupancy
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(b) Illustration of Depth-Inconsistency Exploration. The agent checks the
inconsistent areas between current and past occupancy maps and sets the
goal to the center of the depth-inconsistency areas.

Fig. 9: Active Exploration Demo. We show the top-down maps
displaying traversable areas (grey) and untraversable areas (white)
to illustrate our method.

c¢) Training Details.: We implemented our approach
using PyTorch with a backbone ResNetl8 trained on Ima-
geNet [7]. Additionally, we incorporated color augmentations
with a 50% probability. These augmentations include random
gamma, brightness, and color shifts, achieved by sampling
from uniform distributions within the ranges of [0.8, 1.2] for
gamma, brightness, and each color channel independently.
We use Adam optimizer with a learning rate of 1074,

To train our model, we employ a photometric loss computed
from the 4th frame to the current frame for simulations and
the 15th frame for real-world data. We set the weight of the
smoothness term to 10~3. We use the ADAM optimizer [31]
with a learning rate of 10~* and a batch size of 12 on a single
Nvidia GTX Titan X. We initialize the model with 6,000
frames of data for warm-up and then train the model every
3,000 frames of data. Once we reach a maximum dataset size
of 30,000 frames, we perform an additional 3-epoch training.



Fig. 10: Depth Predictions in Different Models. Our active policy improves the performance of all of the baseline models.

C. Additional Results

a) Active Data Collection.: We provide further vi-
sualization details on our active data collection strategy,
which enables our method to effectively explore and select
informative views to improve depth estimation accuracy.
The frontier exploration expands the distribution of data by
selecting views that are close to the current field of view but
have not yet been observed. This strategy ensures that the
network has access to a diverse set of viewpoints, which can
help it learn to generalize better across different scenes. On
the other hand, the depth-inconsistency exploration strategy
aims to identify areas in the scene where the network is
uncertain about its depth predictions. Our active strategy can
guide the new data collection even in cases in which the
network outputs an ambiguous prediction.

b) Depth Predictions in Different Models.: We compare
the performance of different depth estimation models under
random and active data collection policies in Fig. 10. Specif-
ically, we visualize the depth predictions of three different
models: Monodepth2[18], Sc-Depth[1], and ManyDepth[60].
We find that our active policy consistently improves the
performance of all of the baseline models, producing depth
predictions that are more accurate than those obtained
with random data collection. Our results demonstrate the
effectiveness of our proposed active data collection strategy
in improving depth estimation accuracy across a range of
different models.
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Fig. 11: Performance vs Data Gathered on Warm-up Data.

¢) Warm-up Data Number.: Figure 11 demonstrates the
impact of warm-up data on model training. In general, we
found limited impact with using different values of data to
warm-up training. Using a small number of warm-up data
leads to unstable initialization, while an excessively large
number may cause premature convergence and suboptimal
performance. We found that 6k data gave the best perfor-
mance.
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