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Abstract— Sim-to-real transfer is a fundamental challenge in
robot learning. Discrepancies between simulation and reality
can significantly impair policy performance, especially if it
receives high-dimensional inputs such as dense depth estimates
from vision. We propose a novel depth transfer method based on
domain adaptation to bridge the visual gap between simulated
and real-world depth data. A Variational Autoencoder (VAE)
is first trained to encode ground-truth depth images from
simulation into a latent space, which serves as input to a
reinforcement learning (RL) policy. During deployment, the
encoder is refined to align stereo depth images with this latent
space, enabling direct policy transfer without fine-tuning. We
apply our method to the task of autonomous drone navigation
through cluttered environments. Experiments in IsaacGym
show that our method nearly doubles the obstacle avoidance
success rate when switching from ground-truth to stereo depth
input. Furthermore, we demonstrate successful transfer to the
photo-realistic simulator AvoidBench using only IsaacGym-
generated stereo data, achieving superior performance com-
pared to state-of-the-art baselines. Real-world evaluations in
both indoor and outdoor environments confirm the effectiveness
of our approach, enabling robust and generalizable depth-based
navigation across diverse domains.

I. INTRODUCTION
Vision-based navigation enables drones to autonomously

and safely navigate through complex environments. To reduce
the computational burden on onboard systems, reinforcement
learning has increasingly been adopted as a key approach for
autonomous obstacle avoidance [1], [2]. However, real-world
training is costly and risky, motivating the use of simulators
for safe and efficient policy learning [3]–[5].

Among visual modalities, depth maps are particularly
favored for sim-to-real transfer, as they offer geometric cues
and exhibit better generalization than raw RGB images. Many
prior works have successfully trained obstacle avoidance
policies using depth maps in simulation and deployed them in
challenging real-world environments such as forests [1], [6].
However, despite this advantage, a significant perception gap
remains between the ideal, noise-free depth maps generated in
simulation and the noisy, artifact-laden depth maps captured
in the real world. These discrepancies continue to hinder
the effectiveness of reinforcement learning when deploying
policies trained in simulation to real-world environments.
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To address this, we propose a depth transfer method that
aligns stereo depth images with simulated ground truth through
representation learning and domain adaptation. As shown in
Figure 1(a), we train an encoder to extract latent features from
simulated depth images, which are then combined with drone
state and navigation target information to train an RL policy.

We evaluated the policy in AvoidBench [7] using an encoder
refined with IsaacGym-generated stereo depth. Without using
AvoidBench data during training, our method outperforms
Ego-Planner [8] and Agile-Autonomy [9] in all speed settings.
It surpasses MAVRL [1] in high-speed scenarios, which
was trained in the AvoidBench simulator. For real-world
deployment, the encoder is further refined using real stereo
depth data, enabling sim-to-real transfer. Figures 1(b,c) show
the evaluation environment and trajectories.

Our main contributions are as follows.
• We propose a depth transfer method that aligns stereo

depth images with simulator ground truth, enabling RL
policies trained entirely in the IsaacGym simulator to
generalize effectively to both the photo-realistic simulator
AvoidBench and real-world environments.

• We improve latent representation quality by optimizing
the VAE architecture and applying min-pooling dilation
to better capture obstacle structures in depth maps.

II. Related Work

A. RL-based Obstacle Avoidance

RL has been widely applied to navigation tasks on vari-
ous robotic platforms, including drones [2], [10]. Although
effective in state-based settings, training RL agents directly
from raw pixel data remains challenging due to the high
dimensionality of visual inputs. To overcome the difficulty
of training vision-based RL policies directly from high-
dimensional input, previous work has adopted a two-stage
strategy. First, an expert policy is trained using state-based
observations, which are typically low-dimensional and easier
to learn. Then, a vision-based student policy is trained via
imitation learning to mimic the expert [11], [12].

An alternative solution is to use representation learning
with staged pretraining, which first extracts compact and
informative features from high-dimensional inputs before
training the policy, offering improved sample efficiency and
generalization compared to fully end-to-end learning. For
instance, Mihir et al. [13] introduced the Depth Image-based
Collision Encoder (DCE), which addresses the challenge of
high-dimensional depth input by compressing it into a compact
latent space, while simultaneously enhancing the preservation
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Fig. 1: (a) is the basic framework of the obstacle-free navigation system. When training, the depth images are generated from IsaacGym
and the policy is trained in the simulator. During real-world deployment, the depth images are collected from real environments and the
policy is evaluated using the refined encoder. (b) illustrates the forest environment for policy evaluation. (c) shows the trajectory from (b),
the point clouds here are only for visualization.

of fine obstacle details through geometric expansion [14].
A well-structured latent space improves both navigation and
obstacle avoidance performance. To incorporate temporal
context, David et al. [15] used the Long Short-Term Memory
(LSTM) to predict future depth from historical latent features.
Building on this idea, a subsequent approach [1] enhances
memory representation by predicting both the previous and
current depth images, yielding a more structured and explicit
latent space that outperforms memory-free baselines and
methods relying solely on future predictions. We verify that op-
timizing the VAE architecture to improve depth reconstruction,
combined with simple pixel-level dilation, can also preserve
more obstacle details and enhance navigation success.

B. Sim-to-Real Transfer and Domain Adaptation
Multiple techniques have been proposed to improve sim-to-

real transfer. To improve generalization, domain randomization
has been widely used by introducing physical perturbations
in simulators [2], [10], [16], [17]. While effective for robotic
dynamics and obstacle layouts, it struggles with complex visual
discrepancies. For instance, [18] proposed using visually
diverse simulation data, but this approach suffers from limited
coverage and reduced training efficiency.

By optimizing contrastive loss between source and target
embeddings, a drone racing policy can achieve zero-shot
transfer [19]. However, this requires anchor–target image
pairs with consistent scene elements, such as gate positions.
In obstacle avoidance, real-world obstacles often differ in
shape and size from simulation, making such correspondence
difficult and reducing the effectiveness of contrastive loss.

Stereo vision has a number of challenges that lead to
imperfect depth maps, including texture-poor areas, reflec-
tions, areas that are occluded in one of the images, etc. This
leads to artifacts and invalid regions in stereo depth images,

making them substantially different from ground-truth depth
images available in simulations. One partial solution to this
is to perform stereo vision with images generated in the
simulator [1], [9]. However, doing this during reinforcement
learning is computationally expensive and still differs from
real-world data. Reducing the resolution of the depth map, as
suggested in [6], can help mitigate the domain gap introduced
by stereo vision. However, this process often results in the loss
of fine details, making it less effective for detecting thin or
small obstacles.

Domain adaptation provides an alternative by aligning
models trained on one domain with data from another. It
has been widely explored in computer vision [20]–[22],
and more recently in reinforcement learning [23]. Many
methods adopt a two-stage pipeline: (1) learning domain-
invariant representations, followed by (2) RL training [24],
[25]. However, these methods often require data from multiple
domains during training and are typically still validated in
visual environments like CarRacing or CARLA [26].

In this work, we propose a feature-level domain adaptation
method to bridge the gap between simulated and real-world
depth. A VAE trained on IsaacGym ground truth depth is
aligned with stereo depth via domain adaptation, enabling an
RL policy trained in simple simulation to transfer effectively
to AvoidBench [7] and real-world environments.

III. Depth Transfer Based on Domain Adaptation

Following the training pipeline proposed in [1], we adopt
a similar approach to train an RL agent for obstacle-free
navigation. The VAE is used to embed high-dimensional
depth images into a 64-dimensional latent space, which is
then processed by a LSTM module. The LSTM is trained
for the reconstruction of both the previous and current depth
images, producing a 256-dimensional latent representation that
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encodes temporal information. This output is concatenated
with the drone’s state and target information and is used as
input to the RL policy.

To bridge the visual gap between simulation and the
real world, we propose a depth transfer method based on
domain adaptation. This approach aligns the latent spaces of
depth images across domains, allowing the policy trained in
simulation to be directly deployed in real-world environments.
The full training process consists of the following steps:

1) Train an initial PPO policy in IsaacGym with a few
obstacles using ground-truth depth images. The encoder
and LSTM are integrated but randomly initialized and
kept frozen during this step.

2) Collect depth images with the initial policy and train the
VAE to map into a 64-dimensional latent space.

3) Train the LSTM to reconstruct both past and current
depth images from the latent embeddings.

4) Retrain the PPO policy using the outputs from the trained
LSTM, concatenated with the drone’s state and target
position, as policy input.

5) Perform domain adaptation by retraining the encoder
on stereo depth images from IsaacGym, AvoidBench, or
the real world to align their latent space with that of the
simulated ground truth.

6) Evaluate the policy in AvoidBench and real-world
environments using the refined encoder.

A. Latent Representation Learning

Fig. 2: Domain adaptation for depth transfer. The VAE is trained
using depth images from IsaacGym. The encoder maps depth
images to a latent space, while the decoder reconstructs the depth
images. The GRL and discriminator are used to align the latent
spaces of simulated and real-world depth images.

We employ the VAE to learn a latent representation of depth
images. The VAE consists of an encoder 𝐸 and a decoder 𝐷.
The encoder maps depth images 𝑋 to a latent space zvae, while
the decoder reconstructs the depth images from this latent
representation. The VAE is trained by minimizing both the
reconstruction loss and the Kullback-Leibler (KL) divergence
between the learned latent distribution and a prior distribution.

Unlike previous work [1], which relied solely on convolu-
tional layers for feature extraction, we incorporate a residual

neural network (ResNet) architecture to enhance the quality of
the learned latent space. The ResNet architecture consists of
a series of residual blocks, each containing two convolutional
layers with skip connections. These skip connections facilitate
gradient flow, allowing the network to learn more complex
features and improving the reconstruction quality of depth
images. In addition, to solve the problem of thin obstacles in
depth maps, we apply a simple pixel-level dilation to expand
the obstacle sizes in the depth images, which we call the min-
pooling dilation. The min-pooling dilation can be expressed
using max-pooling as follows:

𝑌𝑖, 𝑗 = min
(𝑚,𝑛) ∈R𝑖, 𝑗

𝑋𝑚,𝑛 (1)

where 𝑋 is the input depth map, R𝑖, 𝑗 represents the receptive
field (i.e., the pooling window) centered at position (𝑖, 𝑗), and
𝑌 is the resulting output after the min-pooling operation.

As shown in the top part of Figure 2, the VAE is trained
on depth images from IsaacGym to extract compact latent
representations. The encoder consists of a 16-channel con-
volutional layer followed by six residual blocks, and outputs
the mean and variance of the latent distribution. The decoder
mirrors the encoder to reconstruct the input depth image. The
VAE is optimized with a combination of reconstruction and
KL divergence losses.

As illustrated in Figure 1(a), the latent vector from the en-
coder is used as input to the LSTM. Following the architecture
in [1], the LSTM is trained to reconstruct both the previous and
current depth images to capture temporal context. Specifically,
the LSTM output at time 𝑡 is passed through a fully connected
(FC) layer and then split into two latent vectors, ẑ𝑡−𝑇 and ẑ𝑡 ,
which correspond to the predicted latent space for time steps
𝑡 −𝑇 and 𝑡, respectively. These two latent vectors are then
passed through the same VAE decoder used during pretraining
to reconstruct the corresponding depth images, 𝑌𝑡−𝑇 and 𝑌𝑡 .
Its output is concatenated with the drone’s state and target
position to train the PPO policy. The LSTM is optimized using
the following loss:

LLSTM =
∑︁

𝑖=−1,0
MSE(𝑌𝑡+𝑖𝑇 ,𝑌𝑡+𝑖𝑇 ), (2)

where 𝑌𝑡+𝑖𝑇 denotes the reconstructed depth image at time
𝑡 + 𝑖𝑇 from the latent input z𝑡 , and 𝑇 is the temporal interval
between prediction steps. Following the setting validated
in [1], we set 𝑇 = 20.

B. Sim-to-Real Depth Transfer
After training the policy in IsaacGym, we collect stereo

depth images from simulators or real-world environments and
refine the VAE to align the resulting latent space with that
learned from ground-truth depth in simulation, as shown in
the bottom part of Figure 2. Before encoding, stereo depth
images are preprocessed with min-pooling dilation to enlarge
obstacle regions. The VAE is initialized with weights from
simulation and fine-tuned using the collected stereo data.

To bridge the domain gap, we adopt a Gradient Reversal
Layer (GRL) and a discriminator. The use of GRL and
domain discriminator for adversarial domain adaptation was
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first introduced by Ganin et al. [27]. This approach enables
feature alignment through backpropagation without requiring
explicit domain labels during training. The GRL is placed
between the latent space and discriminator to reverse gradients
during backpropagation, encouraging the encoder to generate
domain-invariant representations. The discriminator is trained
to distinguish between simulated and real-world latent features,
thus guiding the encoder toward alignment. During the forward
pass, the GRL behaves as an identity function, i.e., zgrl = zvae.
where zgrl is the output of the GRL. During backpropagation,
the gradient of the loss function 𝐿 with respect to the input is
reversed and scaled by 𝜆grl:

𝜕𝐿

𝜕zvae
= −𝜆grl

𝜕𝐿

𝜕zgrl
(3)

where 𝜆grl is a hyperparameter that controls the strength of the
gradient reversal.

The discriminator is a binary classifier consisting of two
fully connected layers followed by a log-softmax layer. It
outputs a probability 𝑝 indicating whether the input latent
vector originates from the ground depth or the stereo depth.
The entropy loss of the discriminator is combined with the
VAE loss to update the VAE for stereo depth images. The loss
function for the VAE is then updated as follows:

LVAE = Lrecon + 𝛽LKL +𝛾Ldomain (4)

where Ldomain is the domain loss, and 𝛾 is a hyperparameter
that balances the domain loss with the reconstruction loss and
KL divergence.

The domain adaptation loss Ldomain is defined as a binary
cross-entropy loss applied to the discriminator, which distin-
guishes whether a latent vector zvae comes from ground-truth
or stereo depth images:

Ldomain = −Ezgt
vae

log𝐷dis (zgt
vae) −Ezstereo

vae
log

(
1−𝐷dis (zstereo

vae )
)
,

(5)
where zgt

vae = 𝐸 (𝑋gt) and zstereo
vae = 𝐸 (𝑋stereo) are latent vectors

extracted from ground-truth and stereo depth images, respec-
tively. The discriminator 𝐷dis (·) outputs the probability that
the input belongs to the ground-truth domain, and E[·] denotes
the batch-wise expectation.

Since the GRL inverts the gradient during backpropagation,
the encoder is trained adversarially to fool the discriminator,
encouraging the latent representations of ground truth and
stereo depth images to become indistinguishable.

IV. Reinforcement Learning for Obstacle Avoidance
In this section, we describe the RL training process for

obstacle avoidance. The RL agent is trained using the latent
representation learned from the VAE and LSTM, combined
with the drone’s state and target information. The agent
is trained using the PPO algorithm, which maximizes the
expected cumulative reward by updating the policy parameters.

A. Task Formulation
The obstacle avoidance task is formulated as a Markov

Decision Process (MDP), defined by the tuple ⟨S,A,P,R, 𝛾⟩.
Here, S denotes the state space, which includes the drone’s

state, target information, and the latent representation extracted
from depth images. The action space A is defined as 𝒂 =

[𝒂cmd, ¤𝜓], where 𝒂cmd is the commanded acceleration and ¤𝜓
is the yaw rate.

In our case, the transition function P is deterministic. We
use the Aerial Gym simulator [5] for training the RL agent.
Aerial Gym is built on top of the IsaacGym physics engine,
which provides a drone model with realistic dynamics.

Given an action command 𝒂, we employ the reference tra-
jectory generator from Paparazzi1 to produce smooth motion
trajectories. By tuning the trajectory smoothing parameters,
we can closely match the drone’s response in simulation to
that of the real platform, effectively reducing the sim-to-real
gap caused by differences in dynamics and control.

A low-level controller maps the reference trajectory to the
corresponding thrust and torque commands, which are applied
to the drone model. The drone’s state is subsequently updated
through rigid-body dynamics simulated by the physics engine.

B. Observations and Reward Function
1) Observations: At each time step 𝑡, the observation 𝒐𝑡

consists of a 14-dimensional physical state vector and a 256-
dimensional perception vector obtained from the VAE and
LSTM. The full observation is defined as:

𝒐𝑡 = [log𝑑hor, 𝑑𝑧 , 𝒅norm, 𝒗W , 𝒆, 𝝎B , 𝒛𝑡 ] , (6)
where 𝑑hor and 𝑑𝑧 denote the horizontal and vertical distances
to the target; 𝒅norm is the normalized direction vector to
the target; 𝒗W is the linear velocity in the world frame;
𝒆 = [𝜙, 𝜃, 𝜓]⊤ and 𝝎B are the Euler angle and the angular
velocity in the body frame; and 𝒛𝑡 is the 256-dimensional latent
representation of the depth image.

2) Reward Function: The reward function consists of a
progress reward 𝑟prog and several terminal rewards. The
progress reward is defined as:

𝑟prog = 𝜆𝑑 · log𝑑hor +𝜆𝑧 · 𝑑𝑧 +max(0, 𝑣hor − 𝑣max) ·𝜆𝑣 · 𝑣hor

+𝜆dir · ∥𝒅norm − 𝒗norm∥1 +𝜆input · ∥𝝎B ∥
+𝜆perc ·

(
|𝑣B,𝑦 | +max(0, −𝑣B,𝑥)

)
,

(7)
where 𝜆𝑑 , 𝜆𝑧 , 𝜆𝑣 , 𝜆dir, 𝜆input, and 𝜆perc are negative hyperpa-
rameters that shape the agent’s behavior.

The first two terms penalize the horizontal and vertical
distances to the target, encouraging the drone to approach
it. The third term penalizes excessive horizontal velocity
𝑣hor when it exceeds the predefined limit 𝑣max, ensuring
safe and controlled motion. The fourth term penalizes the
angular deviation between the normalized distance vector
𝒅norm and velocity vector 𝒗norm, guiding the drone to move
directly toward the target. The fifth term penalizes high angular
velocity 𝝎B , promoting stable attitude control. Finally, the last
term introduces a perception-aware penalty by discouraging
lateral and backward motion in the body-frame velocity 𝒗B =

[𝑣B,𝑥 , 𝑣B,𝑦 , 𝑣B,𝑧]. This encourages the drone to maintain a
forward-facing flight. This behavior does not emerge reliably

1wiki.paparazziuav.org
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without explicit penalization and was found to improve
obstacle avoidance performance in our experiments.

This progress reward is designed to balance goal-reaching
efficiency, flight stability, and safety, guiding the drone toward
the target while maintaining a favorable attitude.

The overall reward function, composed of the progress
reward and several terminal rewards, is defined as:

𝑟 =


𝑟exceed, if (𝑝𝑡 < 𝑝min or 𝑝𝑡 > 𝑝max), 𝑝 ∈ {𝑥, 𝑦, 𝑧}
𝑟arrive, if ∥𝒅∥ < 𝑑min

𝑟collision, if collision occurs
𝑟prog, otherwise

(8)
where 𝑝min and 𝑝max define the allowable position boundaries,
and 𝑟exceed is the penalty for flying out of bounds. The term
𝑑min is the arrival threshold, and 𝑟arrive denotes the reward for
successfully reaching the target. The term 𝑟collision penalizes
collisions with obstacles, while 𝑟prog refers to the progress
reward defined in Equation 7.

V. Experiments
A. Depth Reconstruction with Min-Pooling Dilation
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Fig. 3: Depth reconstruction with min-pooling dilation. The first
column shows the original depth and after dilation. The second
and third columns compare the reconstructed depth images from a
standard VAE and a VAE with a ResNet architecture.

Different from prior work [1], we apply min-pooling dilation
to enlarge obstacle regions in depth images. As shown in the
first column of Figure 3, this makes obstacles more prominent
and easier to detect. The second and third columns compare
reconstructions from a standard VAE [1] and a ResNet-based
VAE, with the latter producing outputs much closer to the
ground truth. When combined with min-pooling dilation,
reconstruction quality improves further—especially for nearby
regions—by preserving fine details and better separating
obstacles from the background.

To assess the impact of the ResNet-based VAE and min-
pooling dilation on obstacle avoidance, we trained four policies
with different latent representations: standard VAE, VAE
with dilation, ResNet VAE, and ResNet VAE with dilation.
Evaluation was performed on 24 maps of varying complexity,
each with 10 trials. As shown in Table I, both the ResNet
architecture and min-pooling yield substantial performance
gains, with their combination achieving the highest success
rate. While the absolute success rates may appear modest,
the task setting is highly challenging, featuring dense and
randomized obstacle layouts.

TABLE I: Ablation studies for Resnet VAE and min-pooling dilation

VAE VAE &
Dilation Resnet VAE Resnet VAE &

Dilation

Success
Rate (%) 50.4 64.2 59.6 71.7

TABLE II: Ablation study of GRL hyperparameters

𝜆grl / 𝛾 0.5 / 50 1 / 1 1 / 10 1 / 20 1 / 50

Domain loss 0.542 0.231 0.309 0.453 0.610

Success Rate (%) 75 61.3 68.8 77.5 77.5

B. Visualization and Analysis of Latent Representations
The RL policy will be trained in IsaacGym with ground truth

depth images, since using the stereo depth means the simulator
always need to render two images and run the stereo matching
algorithm, which is time-consuming and not efficient. The goal
of the domain adaptation is to align the latent spaces of the
depth images from different sources, so that the policy trained
in IsaacGym can be directly transferred to the visually more
realistic AvoidBench and real-world environments.

To support the VAE encoder domain adaptation, we col-
lected about 80,000 ground-truth depth images and 80,000
stereo depth images from IsaacGym, using the former as source
data and the latter as target data. We further collected roughly
40,000 stereo depth images from AvoidBench and 6,000 real-
world depth images with an Intel RealSense camera, both as
target data. All simulation data were acquired automatically
using a pre-trained policy, without manual intervention.

Table II summarizes an ablation study on the GRL-related
hyperparameters𝜆grl and 𝛾, which control the gradient reversal
strength and domain loss weight, respectively. The results show
that our method remains effective across a range of values. The
highest success rate (77.5%) is achieved when 𝜆grl = 1.0 and
𝛾 = 50, corresponding to a balanced domain loss. Performance
degrades only when 𝛾 is too small (𝛾 = 10), indicating
excessive discriminator strength. These findings suggest that
our framework is robust to hyperparameter choices.

To evaluate the effectiveness of feature-level domain adapta-
tion, we use t-SNE [28] to visualize the latent space (Figure 4).
The visualization includes four categories: ground-truth depth
from IsaacGym (orange), stereo depth from IsaacGym (yel-
low), AvoidBench (blue), and real-world data (purple).

In the top-left plot of Figure 4, a single encoder trained
on ground-truth depth produces clear domain separation,
especially between ground truth and the three stereo-style
depth categories. After applying domain adaptation (top-
right), the distributions become closely aligned, indicating
effective feature-level adaptation.

The bottom plots examine whether an encoder refined with
IsaacGym or AvoidBench stereo depth can generalize to real-
world inputs. Compared to the top-right configuration (with
dedicated encoders), both single-encoder variants show poorer
alignment with real-world depth images.

We quantify the alignment using the Geometric Separability
Index (GSI) [29], where lower values indicate better inter-class
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Fig. 4: t-SNE visualization of latent space alignment. The plot
includes ground truth depth images from IsaacGym (orange), stereo
depth images from IsaacGym (yellow), stereo depth images from
AvoidBench (blue), and real-world depth images (purple).

mixing. We computed the GSI values for the ground truth depth
images from IsaacGym and real-world depth images under four
different encoder configurations, as reported in each plot of
Figure 4. The configuration where all categories use different
encoders achieves the lowest GSI value (0.8587), indicating
the best latent space alignment. In contrast, the configuration
where the encoder was refined using stereo depth images from
AvoidBench results in a higher GSI value (0.9289), though
still lower than the baseline where all categories use the
same encoder (0.9713). Refining the encoder with stereo depth
images from IsaacGym also improves alignment (0.9516) for
real-world depth images, though it is less effective than using
AvoidBench for adaptation.

These results confirm that domain adaptation effectively
aligns the latent spaces of different depth inputs, with the best
alignment achieved using separate encoders or AvoidBench-
refined features for real-world deployment.

C. Zero-shot Policy Transfer in IsaacGym
We assess the effectiveness of our depth transfer method

by deploying a policy trained on ground truth depth images
to stereo depth images in IsaacGym. Evaluation is conducted
across eight maps with different obstacle layouts, each com-
prising ten trials with randomized start and target positions.
The success rate is defined as the percentage of trials in which
the drone reaches the target without collisions.

As shown in Figure 5, the policy trained on ground truth
depth fails to generalize to stereo depth images without domain
adaptation (left), resulting in frequent collisions and missed
targets. After applying domain adaptation (right), the latent
space is better aligned, enabling successful navigation.

We also trained a stereo baseline policy using stereo depth
images from IsaacGym. Owing to the higher computational
cost, it required about 50 hours to converge, compared to

TABLE III: Evaluations across different latent space configurations.

GT Stereo
Baseline Stereo Refinement

w/o DA
Domain

Adaptation
LSTM
& DA

Success
Rate (%) 92.5 78.8 40.0 63.8 77.5 81.2

18 hours for the policy trained on ground-truth depth. All
experiments were run on an RTX 4090 GPU. The evaluation
results are summarized in Table III. The GT column represents
the upper bound performance, where evaluation is conducted
using ground truth depth images. The Stereo Baseline column
shows the performance of the stereo baseline policy, which is
lower than the GT upper bound due to the challenges of training
with stereo depth images. The Stereo column presents the eval-
uation results for a policy trained on ground truth depth images
but evaluated directly with stereo depth images without any
refinement, resulting in a significant performance drop. The
Refinement w/o DA column shows results where the encoder is
refined solely using the VAE loss, without domain adaptation.
In contrast, the Domain Adaptation column represents a policy
trained on ground truth depth images but evaluated with stereo
depth images after applying domain adaptation, demonstrating
improved generalization. All of the above policies use the VAE
latent space as input. The highest success rate is achieved by
the LSTM & DA configuration, which incorporates temporal
memory via an LSTM and refines the encoder but not the
policy using both reconstruction and domain adaptation losses.

D. Zero-shot Policy Transfer in AvoidBench
To evaluate the overall performance of our obstacle avoid-

ance approach, we benchmarked the proposed method using
AvoidBench. Two policies with different maximum speed
limits were trained by fine-tuning the progress reward hyper-
parameters in Equation 7. These policies were then evaluated
using stereo depth images as input. As shown in Figure 6, the
x-axis denotes the average goal velocity [7], while the y-axis
indicates the corresponding success rate. Each marker in the
plot represents aggregated results over 1260 trials (30 trials
per map across 42 maps).

Each policy is evaluated using three encoder configurations:
an upward-pointing triangle denotes the encoder trained solely
on ground truth depth images from IsaacGym without domain
adaptation; a diamond-shaped marker represents the encoder
refined with stereo depth images from IsaacGym; and a
downward-pointing triangle indicates the encoder refined with
stereo depth images from AvoidBench. Although the policies
are trained in IsaacGym using ground truth depth images,
the domain adaptation is conducted separately using stereo
depth data from different sources. The points connected by
blue dotted lines represent the results of the same policy using
latent spaces generated by different encoders, while the red
dotted line denotes the Pareto frontier.

Square markers represent MAVRL [1], which trains both
the encoder and policy directly in AvoidBench using stereo
depth. Star and cross markers indicate Agile-Autonomy [9] and
Ego-Planner [8], respectively. MAVRL performs best in low-
speed scenarios (average velocity < 2.1 𝑚/𝑠), likely due to full
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Fig. 6: Pareto front of the proposed method compared to existing
approaches.

training in AvoidBench. In contrast, our method dominates the
high-speed regime, benefiting from a reference generator that
ensures consistent trajectory tracking and stable flight. Despite
being trained entirely in IsaacGym, our policy generalizes
effectively via domain adaptation—even when refined with
stereo depth from different sources.

For the same policy, using different target data for domain
adaptation leads to varying performance. The upward trend
of the blue dashed line shows that employing stereo depth
maps from IsaacGym and AvoidBench for domain adaptation
substantially improves obstacle avoidance, with AvoidBench
target data yielding the highest success rate and speed. These
results highlight the effectiveness of our domain adaptation
method in aligning latent spaces across domains, enabling
robust zero-shot policy transfer across simulation and real-
world environments.

E. Zero-shot Policy Transfer in Real-world Environments

To validate our depth transfer method in real-world scenar-
ios, we deploy the trained policy on a drone with a 150 mm
wheelbase, equipped with an RealSense D435i for depth and a
RealSense T265 for state estimation. The low-level controller
runs on a Holybro Kakute H7 Mini with Betaflight, while the
high-level policy runs on a Jetson Orin NX.

The RealSense D435i runs at 30Hz, while the policy
network outputs actions at 10Hz to match onboard processing
limits. These actions are sent to a low-level Model Predictive
Control (MPC) operating at 100Hz [30]. With a maximum
speed of 5.0m/s, the drone travels 0.5m in 100ms, which is
sufficient for timely reactions. An adaptive speed strategy [1]
further improves robustness in complex environments.

Figure 7a illustrates the real-world flight trajectories of the
drone using two different encoders: one trained on IsaacGym
ground truth depth images (bottom trajectory) and another
refined with domain adaptation (top trajectory). The results
demonstrate that domain adaptation enables direct transfer of
the policy trained in IsaacGym to real-world environments,
allowing the drone to successfully avoid obstacles and reach
the target. In contrast, when using the unrefined encoder, the
drone exhibited erratic lateral movements in dense obstacle
regions and collided twice, while also maintaining a lower
overall speed compared to the domain-adapted encoder.

We also test the same policy in a challenging indoor
environment (Figure 7b) using the encoder refined with
outdoor stereo depth. The drone navigates narrow corridors
and avoids obstacles, demonstrating strong generalization of
our method to diverse real-world settings.

VI. CONCLUSION

We propose a novel depth transfer approach for training
reinforcement learning policies in simulation and deploying
them in real-world environments. Our method leverages a
VAE combined with an LSTM to extract latent representations
from depth images, enabling the policy to capture temporal
dependencies and generalize across diverse environments.
To further enhance transferability, we introduce a domain
adaptation technique that aligns the latent spaces of simulated
and real-world depth images. Experiments show that this
adaptation markedly improves policy performance, enabling
effective zero-shot transfer across different environments.
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