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Abstract—This work introduces a hierarchical strategy for
terrain-aware bipedal locomotion that integrates reduced-
dimensional perceptual representations to enhance the reinforce-
ment learning (RL)-based high-level (HL) policies for real-time
gait generation. Unlike end-to-end approaches, our framework
leverages latent terrain encodings via a convolutional varia-
tional autoencoder (CNN-VAE) alongside reduced-order robot
dynamics, optimizing the locomotion decision process with a
compact state. We systematically analyze the impact of latent
space dimensionality on learning efficiency and policy robust-
ness. In addition, we extend our method to be history-aware,
incorporating sequences of recent terrain observations into the
latent representation to improve robustness. To address real-
world feasibility, we introduce a distillation method to learn
the latent representation directly from depth camera images and
provide preliminary hardware validation by comparing simulated
and real sensor data. We further validate our framework using
the high-fidelity agility robotics (ARs) simulator, incorporating
realistic sensor noise, state estimation, and actuator dynamics.
The results confirm the robustness and adaptability of our
method, underscoring its potential for hardware deployment.

Index Terms—Humanoid robots, legged locomotion, reinforce-
ment learning.

I. INTRODUCTION

NE of the main advantages of legged robots over
O their wheeled counterparts is their potential to navigate
challenging and unstructured environments. The early stage
of legged locomotion research focused on blind locomotion,
where robots were designed to move without real-time per-
ceptual feedback from their environment. These systems relied
heavily on preprogrammed movements and robust locomotion
controllers to navigate their surroundings. However, as anyone
who has observed the effortless grace of animals and humans
to traverse rugged terrains can attest, there is an essential
difference between simply moving and moving with awareness
of one’s environment, known as perceptive locomotion.

Most existing work on reinforcement learning (RL)-based
controllers for bipedal locomotion has focused on blind
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locomotion. The impressive robustness of the learned policies
allows the robot to walk in challenging terrains, such as
hills [1], slopes [2], and even flights of stairs [3]. The shift
from blind to perceptive locomotion has enabled robots to
see and respond to their environment in real time. Integrating
visual sensors improves the stability and safety by allowing
adaptive adjustments to gait to account for different terrains
and environments. In particular, there has been a growing
interest in integrating terrain information as part of the state
feedback for training gait policies for legged locomotion,
especially on quadruped robots.

Some of the first attempts to integrate terrain information
in an RL policy for bipedal locomotion were implemented in
simulations of physics-based animations. In [4], a reduced-
character state and reduced-terrain state were used to train a
policy to navigate terrains with steps and gaps in a simulation
of a 2-D environment. This approach was extended [5] by
using the full-height field map and character state in an end-
to-end RL framework with a mixture of actor—critic experts
updated through temporal difference learning. An extension
to the 3-D case in the simulation was proposed by [6], where
hierarchical deep RL was used to train a high-level (HL) policy
that makes step target decisions based on high-dimensional
inputs, including terrain maps or other suitable representations
of the surroundings, and a low-level policy that learns to
achieve robust walking gaits.

Xie et al. [7] and Singh et al. [8] addressed the challenge
of walking on irregular terrains using preplanned footsteps
obtained from the environmental height field. The RL policy
then uses the foothold sequence and the robot’s state to
compute the joint target positions. A more effective terrain
representation is presented in [9] using a sparse exterocep-
tive observation from raycasts along the vertical axis. This
approach is efficient, but limited in the number of features it
can capture.

Van Marum et al. [10] build upon the work in latent terrain
representation for quadruped locomotion [11] to train an end-
to-end policy to navigate a wide variety of terrains using
noisy exteroception. Duan et al. [12] presented a vision-based
RL framework for bipedal locomotion, showcasing robust
locomotion over challenging terrains with the robot Cassie.
A height map expressed in the robot’s local frame is used
to train an end-to-end RL locomotion policy for stairs and
steps of different heights. The height map used to train in
simulation is replaced by a height map predictor obtained from
depth camera images and the robot state. Gadde et al. [13]
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build upon [12] to replace the height map estimator with a
perception encoder trained with a teacher—student approach.
Gu et al. [14] and Wang et al. [15] presented an alternative to
visual perception by integrating the terrain information only as
privileged information and using the history of the observation
data and an asymmetric actor—critic architecture [14] or a
student—teacher approach [15] to replace the visual perception
by encoded latent space that captures the terrain conditions
along with the robot dynamics.

While these recent advancements push the boundaries of
perceptive locomotion through sophisticated attention mech-
anisms that dynamically select terrain features [16], novel
hybrid training paradigms [17], and advanced sensor fusion
with internal models [18], our work provides a distinct and
complementary contribution. These state-of-the-art methods
focus on building complex integrated systems, often leveraging
rich perception sources like LIDAR-based elevation maps [18]
or innovating on the training algorithm itself [17].

Our work, in contrast, addresses a more fundamental and
generalizable question: What is the principle of the minimal
sufficiency for perceptual information in locomotion? Our
primary contribution is the development of a new policy
architecture and the systematic analysis of the information
bottleneck between perception and action. We extend our
analysis to history-aware autoencoders, which provide further
evidence for our central hypothesis. Moreover, we introduce
a distillation process that enables the policy to learn the
same compact representation directly from multiple depth
camera images—a critical step toward hardware deployment.
We leverage a lightweight, hierarchical framework and a
simple CNN-VAE not to build the most complex system,
but as a precise tool to investigate the tradeoff between the
dimensionality of the latent space and the resulting policy’s
performance.

This article extends our prior work, which first established
a sample-efficient hierarchical framework for bipedal locomo-
tion [19] and subsequently validated its real-world viability
with successful zero-shot sim-to-real transfer on the digit robot
[20]. While this proprioceptive-based controller proved robust
to external disturbances, it was fundamentally “blind” and thus
incapable of navigating unstructured terrain.

The primary contribution of this work is therefore the
integration of a perception module into this proven hierarchical
framework. Leveraging insights from our previous research on
data-driven latent spaces [21], we introduce a learned, low-
dimensional terrain representation that allows the policy to
make informed, terrain-aware decisions. This addition bridges
the critical gap from the blind disturbance rejection to agile,
perceptive locomotion over complex terrains.

Therefore, in this work, we propose a perceptive bipedal
locomotion framework that combines the versatility of
RL-based policies for HL commands with the robustness of
a low-level task-space controller and the effectiveness of an
efficient latent representation of the terrain height map. One of
the key contributions of our work is the systematic analysis of
the impact of the dimension of the latent representation of the
height map on the efficiency of the learning process, showing
that a too small or too large dimension of the latent representa-
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Fig. 1.
squares) using a terrain-aware locomotion policy.

Digit walking over challenging terrains (stairs, hills, slopes, and

tion hurts sample efficiency. This analysis is further extended
to history-aware perception, and we introduce a distillation
method to learn the same compact representation directly from
depth camera images, a critical step for real-world deployment.
By focusing on the efficiency of the representation itself, our
work provides concrete, empirical evidence that an optimal
level of compression exists.

The remainder of this article is organized as follows. Sec-
tion II explains the supervised learning approach to encode
a latent terrain representation with CNN-VAEs and discusses
the importance of the latent space dimension. Section III
introduces a hierarchical RL framework for terrain-aware loco-
motion. Section IV shows simulation results of the proposed
framework with ablation studies and baseline comparisons,
addressing real-world feasibility through a distillation process
with depth images, realistic sensor noise, and additional tests
with the high-fidelity agility robotics (ARs) simulator. Finally,
Section V briefly concludes this article and discusses the future
directions of our work.

II. TERRAIN REPRESENTATION IN LATENT SPACE

In this section, we introduce our proposed method to learn
an adequate representation of the terrain information around
the robot that successfully captures the critical features of the
ground. The goal is to design a robust locomotion policy,
introduced in Section III that allows humanoid robots to
navigate challenging terrains actively.

A. Terrain Data Collection

We use a local height map corresponding to the area of 2 m?
in front of the robot to perceive the terrain around the robot.
When using a resolution of 5 cm?, the local terrain height
map, X, is represented by a matrix of size 20 x 40, resulting
in a total of 800 elements.

The height map grid resolution choice is based on the width
of the digit robot’s feet, which is about 5 cm. It is also aligned
with relevant works in the literature, where a grid resolution
of 5-6.5 cm is used to capture features of different terrains
effectively [10], [12], [22]. We show in Fig. 3 a sample of
this local height map obtained from a simulation. Using all
the elements of the local terrain height map matrix as input
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Fig. 2. Hierarchical structure of the proposed framework: an HL RL policy for gait planning trained with a multistage approach, and a low-level controller
for trajectory tracking. The privileged encoder uses a CNN-VAE to encode the local height map to a reduced-dimensional latent variable to train terrain-aware
perception locomotion policies. In Stage 2, a distillation process replaces the privileged information from the height map with the input from depth cameras
by matching the latent representation obtained from these two exteroceptive sources.

Fig. 3. World view of the local height map used to detect the terrain around
the robot (left) with the corresponding local height map matrix (right) relative
to the robot’s base. The height map covers an area of 2 X 1 m at a 5-cm
resolution.

for the locomotion policy would result in a significantly large
neural network and, consequently, more parameters and larger
inference time, even though many of the elements of the height
map may not have useful information for the policy to produce
effective gait actions.

To train a CNN-VAE of the terrain map, we use a cus-
tomized simulation environment in MuJoCo [23] to create
different terrain profiles, including sloped planes, hills, squared
steps, and stairs with various configurations (up and down)
and dimensions (width, depth, and height). We collect 60 000
samples of local height maps for each terrain type. To collect a
diverse dataset of terrain height maps without the existence of
a capable locomotion policy, we only simulate the kinematic
motion of the robot around the terrain by updating the position
of the robot’s base in the simulation environment according
to randomly sampled velocity while keeping the base height
at a height that follows a normal distribution with a mean
0.92 m and standard deviation 0.1 m. Thus, the complete
dataset X consists of 360000 samples of local terrain height
maps X, i.e., X = {x?|i € [1360000]}.

B. Convolutional Variational Autoencoder

One of CNN-VAEs’ primary advantages is their proficiency
in handling higher dimensional data, such as large maps, and

Fig. 4. CNN-VAE encodes the local height map to a reduced-dimensional
latent variable, z, used to train terrain-aware perception locomotion policies
with the framework presented in Fig. 2.

effectively compressing them into lower dimensional represen-
tations that capture the essential features and structures of the
original data through a conditioned probability distribution.
In particular, as shown in Fig. 4, we use a CNN-VAE to
encode the terrain height map into a reduced-dimensional
latent variable z € R™ to reduce the dimension of terrain
information used for locomotion. In this work, the encoder
part of the CNN-VAE comprises three convolutional layers
followed by two fully connected layers. The convolutional
layers progressively reduce the spatial dimensions of the input
while increasing the depth of the feature maps, with 32, 64,
and 128 channels, respectively, each using a kernel size of
4, a stride of 2, and a padding of 1. After the convolutional
layers, the output is flattened and passed through two fully
connected layers. Specifically, these layers output the mean u
and variance o of the prior distribution, both sized according
to the predefined latent variable dimension m. Then, the latent
random variable z can be expressed as a deterministic variable

Z=gy(e,X) (D

where x is the sample vector corresponding to the local
height map, 6 represents the learnable parameters (weights and
biases) of the encoder network, gy(-) is the encoder function
parameterized by 6, and € is an auxiliary random variable
with an independent marginal probability distribution. In this
article, the term latent random variable refers to the hidden

Authorized licensed use limited to: The Ohio State University. Downloaded on March 30,2026 at 17:29:47 UTC from IEEE Xplore. Restrictions apply.



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

variables (the elements of the vector z) that are not directly
observed but are instead inferred from the input data (the
terrain height map). In a VAE, these variables are treated
probabilistically, allowing the model to capture a distribution
of the underlying terrain features. Therefore, if we choose €
to be the univariate Gaussian distribution A/(0, 1), the latent
random variable z is determined by

Z=U+ O€. 2)

This method, known as the reparameterization trick, allows
backpropagation through random sampling processes, which
is essential to train VAEs through standard stochastic gradient
descent methods. The encoder part of the CNN-VAE efficiently
reduces the dimensionality of the input data and captures its
essential features in a form conducive to generative tasks. By
learning this compact latent representation, the CNN-VAE can
effectively generate a probability distribution from which one
can reconstruct the local height map samples and even generate
new, unseen local height maps that share statistical properties
with the training data.

C. Reconstruction of the Height Map

The decoder is the closed-form parameterized function that
maps from the latent space back to the full-order state. This
function is defined by

X = d¢ (Z) (3)

where ¢ represents the parameters of the decoder network, dg
is the decoder function parameterized by ¢, z is the encoded
latent variable, and X is the reconstruction of the original input
data x.

The CNN-VAE is trained by minimizing the standard (-
VAE loss £, which consists of reconstruction loss and the
Kullback-Leibler (KL) divergence as the latent loss [24].
Then, the VAE loss is formulated as follows:

£ = MSE (x?,%?) + 8Dt (q (2”?) Ip (7)) 4)

where £ is the reconstructed height map, p(z?) is the prior
distribution parameterized by the Gaussian distribution €, and
q(z?x") is the posterior distribution of the latent variable z®
given x. The autoencoder is trained using Adam optimizer
[25] with a learning rate of 0.001 and a batch size B of 256.
The autoencoder is trained for 40 epochs on a 12-core CPU
machine with an NVIDIA RTX 2080 GPU.

There is no rule of thumb for the proper size of the latent
state used to capture the encoder input’s features fully. On
the one hand, a latent variable of large dimension allows a
better reconstruction of the local height map. Conversely, a
smaller dimension of the latent variable enables more efficient
encoding, resulting in more compact networks for the VAE and
the locomotion policy. To analyze the tradeoff between these
two properties, we conduct an ablation study with different
values of the latent space dimension. In Fig. 5, we show the
loss £ during training of the CNN-VAE for different values of
m. The latent dimensions 256, 128, and 64 show the most rapid
decrease in loss, indicating efficient learning and improved
ability to capture data features. The latent dimensions 64 and
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Fig. 5. Latent representation learned by the CNN-VAE for different dimen-
sions of the latent variable m. Larger latent sizes (e.g., 64 and 128) converge
faster and to a lower loss, indicating better reconstruction, showing diminish-
ing returns for m > 32, whereas minimal latent dimensions (e.g., m = 4)
show significant error. This suggests that overly compressing the terrain
representation hurts accuracy, while moderately sized latent effectively balance
compactness and fidelity.
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Fig. 6. t-SNE of the latent representation learned by the CNN-VAE for
different dimensions of the latent variable z. t-SNE visualization of the
learned latent space for different latent dimensions m. For sufficiently large
latent dimensions (m > 16), the latent vectors form well-separated clusters
corresponding to distinct terrain types, indicating that the VAE has retained
meaningful terrain features. In contrast, with a minimal latent (m = 4), the
clusters—particularly for complex terrains like “squared steps”—are poorly
formed, showing that important details are lost when the latent space is too
limited.

32 clearly balance model complexity and learning efficiency.
The smaller dimensions 8 and 4 exhibit a higher average loss,
which means the model is not complex enough to capture all
the necessary data features.

In addition, we apply t-distributed stochastic neighbor
embedding (t-SNE) to the latent representations of different
dimensions to analyze the structure of the encoded data. These
results, presented in Fig. 6, demonstrate that for m > 16,
the latent space retains a consistent and meaningful structure,
with clusters representing distinct terrain types. However,
the structure deteriorates significantly for m = 4, particu-
larly for the squared steps terrain. This terrain exhibits the
highest degree of irregularity and complexity, is the most
challenging to encode, and requires more features to capture
its structure accurately. This behavior is expected because
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more irregular terrains demand a higher dimensional latent
space to retain their essential characteristics. This analysis
highlights that a latent dimension as low as m = 8 can still
effectively capture the key features of the terrain height map,
achieving a balance between compactness and representational
power. Consequently, we choose m = 16 as a good tradeoff
between feature capturability and reconstruction error for the
CNN-VAE during the training of our locomotion policy,
described in Section III.

D. History-Aware Perception

Recent advancements in perceptive history for legged loco-
motion demonstrate that integrating historical data enhances
robots’ adaptability to changing environments, optimizing
movement, and improving navigation efficiency. However,
seamlessly combining historical and real-time data across
multiple modalities could significantly increase the input
dimension of end-to-end RL approaches. Therefore, analyzing
the optimality and efficiency of the latent representation is
even more relevant as it could significantly impact the design
and efficiency of the framework. Thus, in this section, we
explore the use of reduced-order representations developed in
Section II to capture the features of the terrain along a history
of local height maps.

The CNN-VAE architecture illustrated in Fig. 4 can be
easily modified to integrate the history of the local height
maps. While its fundamental structure remains unchanged,
adjustments are made to accommodate n-inputs and n-outputs,
corresponding to the last n history steps, enabling an n-to-
n mapping. Since the local height map is a single-channel
image, each of the n inputs is stacked in a channel to obtain an
n-channel image, with the output following the same structure.

We experiment with two modified structures of the frame-
work, n-to-n and n-to-1. In the n-to-n case, the latent
representation captures the terrain features associated with the
latest n terrain height maps and reconstructs the same n height
maps from the latent variable. In the n-to-1 case, the latent
variable is used to reconstruct only the single latest height
map of the sequence in the n inputs. Similar to what was
observed in Section II-C, there is a tradeoff in the dimension
of the latent representation and the reconstruction accuracy,
where increasing the size of the latent representation does not
improve the reconstruction loss.

Section IV-G presents an ablation study that explores the
impact of the dimension of the latent representation of the
height map with and without the history of the terrain height
map.

III. HIERARCHICAL TERRAIN-AWARE
BIPEDAL LOCOMOTION

Building on the success of reduced-order models for online
generation of HL trajectories [19], [26], we employ RL to train
an HL planner policy that harnesses an effective representation
of the robot’s dynamics and the terrain information. As shown
in Fig. 2, the proposed HL RL policy takes as input a
latent space encoding learned from the local height map of
the terrain together with a reduced-order representation of

the robot’s states inspired by the linear inverted pendulum
(LTIP) model and the state of the swing foot of the robot.
The output of the RL policy is a set of task-space com-
mands used to generate online task-space trajectories for the
robot’s base and end-effectors. The low-level controller is
a model-based whole-body controller used to guarantee the
tracking performance of the desired task-space trajectories.
The proposed hierarchical framework allows for replacing
the latent variable encoded from the terrain with a latent
variable encoded from depth images through an additional
distillation stage. The details of the distillation process for the
latent space reconstruction from depth images are presented
in Section I'V-C.

A. RL for HL Planning

The problem of determining a motion policy for bipedal
robots can be modeled as a Markov decision process (MDP).
The stochastic transition of the MDP process captures the
random sampling of initial states in the policy training and
dynamics uncertainty due to model mismatch and random
interactions with the environment (e.g., early ground impacts).

B. Reduced-Order State Space

In this work, we leverage the insights provided by template
models to regulate the walking speed of biped robots [26].
Inspired by the success of [2], [19] in using template-based
models, we select the state

d . d
s = (Xb9 hb» €5, VX’ vyvaW5vSW, z, ai—l) (5)

where x;, = (x, y, X,y) is the LIP state composed of the robot’s
base position relative to the stance foot and the base velocity,
hy is the robot’s base height relative to the stance foot, e; =
(e5,, e5,) is the error between the average velocity of the robot’s
base (7, 7y) and the commanded robot’s velocity (¢, ), psw
and vgy, are the 3-D position and velocity of the robot’s swing
foot, z is the latent variable encoded from the local height
map centered at the robot’s base introduced in Section II, and
a,_; is the last policy action. The positions and velocities of
the robot’s base and swing foot are expressed in the frame
coordinates of the robot’s stance foot. All variables correspond
to the data at time # unless explicitly denoted with the subscript
t as in the last policy action a,_;.

C. Task-Space Actions

The action a € A is chosen to be

a= (p}ﬁstf)Z, hsW9x0ff’yoﬁ) (6)

where p = [px, py, pz]" correspond to the landing position of
the swing foot w.r.t. the robot’s base at the end of the swing
phase T, hyy, is swing foot clearance, and X, Yo are an offset
added to the commanded speed of the robot. This selection of
the action space encourages the policy’s flexibility to exploit
the bipedal robot’s natural nonlinear dynamics and enhance the
policy’s robustness under challenging terrains, disturbances,
and sudden speed changes caused by irregularities in the
terrain, i.e., tripping over. Fig. 8 illustrates the selection of
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Fig. 7. Training loss curves for CNN-VAE models incorporating terrain

history and different latent sizes. The same tradeoff emerges: increasing the
latent dimension beyond a certain point yields diminishing improvements.
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Fig. 8. Action space representation for the RL policy. The policy outputs
target trajectories in task space for swing foot position and base velocity
offset, which the low-level controller then executes.

the action space on the robot digit. The action space of the
policy is updated at 33 Hz.

Given the desired set of policy actions, the trajectory
generation module transforms the policy action a into smooth
task-space trajectories for the robot’s base and end-effectors.
Specifically, as shown in Fig. 8, at a time ¢ € [0,7] the
trajectories for the swing foot p¥,(¢,a) and pl(t,a) are gen-
erated using a minimum jerk trajectory connecting initial foot
positions with target foot positions from the policy action.
pi,(t,a) is generated using a Bézier polynomial with five
control points, with its maximum value corresponding to
the height of the swing foot hg,. The initial foot positions
are computed at every touchdown event and kept constant
throughout the step.

D. Low-Level Task-Space Controller

The desired task-space trajectories derived from the policy
outputs are tracked using task-space inverse dynamics (TSIDs)
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with a quadratic programming formulation. We follow the
TSID formulation in [27], which considers the constrained
dynamics of closed kinematic chains such as the ones in digit’s
legs. Here, we only present the problem formulation and refer
the interested reader to [27] for more details.

Consider a bipedal robot with configuration space @ c R"
and generalized coordinates ¢ € Q. The equations of motion
of the constrained dynamics are given by

M(@ig+H(q.¢) =Bt+J (@ f.+N@r (7
N(@§+N(gpg=0 (8)
J@Qg+J(q.pg=0 9)

where M(q) is the inertia matrix, H(q, q) = C(q, $)g+G(q)+F
is the vector sum of the Coriolis, centripetal, gravitational, and
additional nonconservative forces, B is the actuation matrix,
7 € R™ is the torque inputs at the actuated joints, J.(g) is
the contact Jacobian, f,. € R3% collects all external contact
forces with n, being the number of contacts. Moreover, N(g) =
J1(g) — J2(g) is the constraint Jacobian matrix, and A is the
constrained force due to the closed kinematic chain.

Given the current state (g, §) of the robot and its task-space
references (X7, V}, A:, f7), TSID for the system with con-
strained dynamics is formulated as a quadratic programming
problem

min 3 i+ S = Al g, + | £~ £
i

g, Tk, (10)

st. J.(q)§+ J.(g) g =0 (contact constraints)
N(q) G+ N(g)g =0 (loop-closure constraints)
f. € F (friction cone)
7(g, fe, A) € T (torque limits)

where the weighting matrices (Q;,Ry,R,) are the positive
definite, T € R™ is the torque computed by the robot dynamics
given (g, f.,A), J; is the geometric Jacobian of task-space
references, and A; represents the desired spatial acceleration
with state feedback, and it is defined by

Ai = _A:( + Kp ]Og (XZZXI*) + Kd (Vz* - Vm,i)

where X,,; and V,,; correspond to each task’s measured pose
and spatial velocity. K, and K, could be seen as the stiffness
and damping of a system, and both are positive definite
matrices.

The task-space references are determined by the desired
pose X, spatial velocity V;, and spatial acceleration A; of
the left foot, right foot, and floating base of the robot. The
position and linear velocity for the swing foot are obtained
from the trajectories generated from the parameters in the
action space of the RL policy as discussed in Section III-C,
e.g., (Psw(t, a), Psw(t, a), Psw(?, a)). The robot’s base velocity is
also obtained from the policy actions (%o, Vort). However, the
base’s position is not being tracked to reduce disturbances
caused by position errors due to discontinuities in the ter-
rain. The roll and pitch orientation and angular velocities
of the task-space references are 0, while the heading angle
determines the yaw orientation. The stance foot target is
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equal to its current position. Finally, the force task reference
f* is computed using the centroidal dynamics following the
approach in [28].

E. Rewards

The reward function adopted in this work is designed to
exploit the privileged information from the terrain’s height
map to shape the motion of the robot’s swing foot while
keeping track of the desired walking speed and reducing the
variation of the policy actions between each iteration. More
specifically, we define the reward function

E = W [Py Fuys Fowes Poys Powes Fowns FowgoTa] - (1)

with
ra = exp (= llax — ax1ll°) (12)
ro=exp (- o -o|?) (13)

where O represents the measured value and 0¢ is the desired
value. For the velocity rewards r, and r, , the target value
is the desired walking speed sampled at the beginning of
each episode. For the swing-foot rewards ry, , 7, , Fow, the
target values are the 3-D foothold position, where the (x,y)
target coordinates are heuristically estimated from the desired
walking speed, e.g., px = vﬁf/T, Py = vg/T + Py With
Dy = £0.1 being an offset to avoid feet collision in the lateral
plane, and the z target coordinate is the terrain height corre-
sponding to the (x,y) coordinates. The reward ry,, encourages
the policy to achieve sufficient swing-foot clearance, which
is the maximum height the swing foot reaches during the
swing phase. The reference value for swing-foot clearance
is 5 cm above the terrain height at the swing foot’s (x,y)
coordinates. This reward also helps to avoid unnecessarily
over-lifting the swing foot when finding an obstacle. Finally,
the reward ry,, penalizes any contact force on the swing foot,
which is used to encourage the policy to avoid early contact
with the edges of the terrain during the swing phase. We denote
that all the quantities used in the rewards are expressed in the
stance-foot frame, which is a common approach in bipedal
locomotion. The weights for the reward terms are chosen as
w! =10.2,0.1,0.075,0.075,0.15,0.2,0.15,0.1].

FE RL Training Setup

We use the proximal policy optimization algorithm [29] with
input normalization, fixed covariance, and parallel experience
collection to train the RL policy. The neural network selected
for the RL policy is an MLP with two hidden layers, each
with 128 units and tanh activation function. We use a batch
size of 64 for the PPO algorithm, a discount factor of 0.95, and
56 000 samples with six epochs of policy update per algorithm
iteration. For each training episode, a terrain type is randomly
selected from a set of different terrains: hills, slopes, random
stairs, squared steps, and stairs up. These terrains are randomly
generated from a diverse set of parameters, such as slope
degree, number of stairs, stairs dimensions (width, height, and
depth), and size of squares, among others. Moreover, the initial
state of the robot is drawn from a normal distribution about an
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Fig. 9. Reward convergence for different values of the latent variable

dimension. Policies using an appropriately-sized latent, e.g., m = 16, learn
substantially faster and reach higher final rewards than those using an
oversized latent, e.g., m = 64 or the raw 800-D height map.

initial pose corresponding to the robot standing in the double
support phase. The same terrain parameter and initial state
randomization are used during training, evaluation, and testing
of the policies.

One iteration step of the policy corresponds to the inter-
action of the learning agent with the environment. The RL
policy takes the reduced-order state s and computes an action a
converted into desired task-space trajectories at the time #;. The
reference trajectories are then sent to the task-space controller,
which sends torque commands to the robot. This workflow is
depicted in Fig. 2. The feedback control loop runs at 1 kHz,
while the HL planner policy runs at 33 Hz. The maximum
length of each episode is 300 iteration steps, corresponding to
9 s of simulated time. An episode will be terminated early if
the torso pitch and roll angles exceed 1 rad or if the height of
the robot’s base relative to the stance foot is less than 0.4 m.

IV. SIMULATION RESULTS
A. Learning Convergence

We demonstrate the effectiveness of the latent representation
of the terrain by conducting an ablation study of the effect
of this latent terrain representation on the efficiency and
effectiveness of the learning process. In Fig. 9, we present the
evolution of the reward during the RL training for different
values of the latent dimension m. Notably, the reward curves
with better learning efficiency (fewer epochs to converge)
correspond to m < 32, while the reward curves corresponding
to m > 64 show slower convergence to a lower value. In
addition, we replace the latent representation of the terrain
with the complete local height map matrix, which results in
significantly decreased sample efficiency and policy perfor-
mance, as shown in Fig. 9.

We do not claim that using the full height map to train RL
policies for locomotion successfully is unfeasible, but that an
accurate selection of the dimension of the latent representation
significantly increases the sample efficiency of the learning
process, as demonstrated in Fig. 9.

Comparing our proposed framework with other baselines is
not straightforward for two main reasons. First, to the best of
our knowledge, our work is the first terrain-aware learning-
based locomotion implemented for the robot digit.

Although the work in [10], [12], and [13] shows similar
approaches for learning-based perceptive locomotion, with
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TABLE I

COMPARISON WITH OTHER RL-BASED APPROACHES
FOR PERCEPTIVE LOCOMOTION

Method  # Samples Architecture Perception input Policy output Pre-trained
[10] 60 x 10 End-to-end Full height map Joint positions No
[12] 60 x 108 End-to-end Sampled terrain height Joint positions Yes
[13] 60 x 1.4°  Teacher-Student  Sampled terrain height Joint positions Yes
Ours 30 x 10° Hierarchical Latent representation Task-space commands No
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Fig. 10. Comparison of depth learning performance with different resolutions
of the height map grid, demonstrating that higher values of the terrain grid
result in a degraded performance of the policy.

the robot Cassie, these approaches are based on end-to-end
and student-teacher RL frameworks that do not focus on
sample efficiency. In these works, either the full local height
map [12], samples of the terrain height [10], or a distilled
representation from several depth images [13] are used along
with the full-order state of the robot as the inputs of the RL
policy, and the output is the desired motor position. While this
approach is straightforward, it also significantly increases the
complexity of the learning problem, requiring a higher number
of parameters of the network, and a substantially higher
number of samples to train a policy successfully. Table I shows
this comparison, exhibiting the advantages of our proposed
approach with at least 2x increase in sample efficiency.

Second, the approach in [12] and [13] requires that the
RL policy is already pretrained for blind locomotion, and
their perceptive modules require a complex network architec-
ture, including additional LSTM, CNN, ResNet, and U-NET
networks. However, we acknowledge that these works have
demonstrated successful sim-to-real transfer on the Cassie
robot.

In contrast, we propose an efficient yet effective frame-
work that mainly focuses on our policies’ sample efficiency
and lightweight nature. This allows training policies from
scratch with fewer samples (without pretrained policies or
precomputed reference trajectories), while providing insightful
observations about the importance of the dimension of the
latent variable used to represent the terrain features, which
is not addressed in other perceptive locomotion work. We
have not included other perceptive locomotion works, e.g.,
[16], [17], [18], in this comparison as they do not specify
information about the number of samples required for the RL
training to converge.

B. Grid Map Resolution

As mentioned in Section II-A, our intuition for the choice
of grid size in the height map was to use a resolution as fine
as the robot’s foot width, which is about 5 cm. A grid of
5 cm is fine enough to capture the features of different types
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of terrain, while values higher than this, e.g., 10 cm, could be
too coarse to capture important features like edges or borders
of stairs and irregular terrains. This intuition also aligns with
relevant work in the literature. For example, Hoeller et al.
[22] used a variable resolution point cloud, where coarse
resolution voxels (12.5 cm) are used to map the further scene
of the robot. In comparison, high-resolution voxels (6.25 cm)
capture the environment close to the robot. In [10], the terrain
height is sampled using a pattern of 318 points adaptively
spaced circularly around the foot’s position, where the samples
close to the robot have a resolution of about 5 cm. Finally,
Duan et al. [12] also selected a resolution of 5 cm for the
height map grid, which is used as an input to an RL policy
already pretrained for blind locomotion for the Cassie robot.
Fig. 10 shows that using a resolution of 5-cm results in
significantly better rewards with fewer samples than 10-cm
resolution.

C. Latent Space Reconstruction From Depth Images

The latent variable introduced in (1) enables the policy to
capture an efficient and effective representation of the terrain.
However, deploying this approach on a physical robot poses a
significant challenge: obtaining an accurate local height map
can be computationally expensive, highly noise sensitive, and
often requires a costly sensor suite.

To address the challenges in sim-to-real transfer for bipedal
locomotion, we implement a latent space distillation frame-
work that directly constructs the latent representation from
raw depth sensor inputs. This approach circumvents the
conventional dependency on local height maps, streamlining
perception while enhancing robustness to real-world sensor
noise. Although several frameworks use the history of the
depth images combined with the robot state in the distillation
stage to reconstruct the entire terrain height map [12], [22],
these approach results in complex network architectures and
additional computational burden in training and inference of
the perception module. In our work, we leverage synchronized
feeds from two Intel D435i depth cameras mounted on the
base of the robot’s torso and pelvis to accurately recover
the corresponding local height map from only one frame of
the two combined depth images, ensuring sufficient coverage
of the robot’s surrounding terrain with minimal computational
burden. A CNN-VAE is trained to align its latent space with
that derived from previously trained local height map latent
space. The training objective combines the VAE loss (4)
for distributional regularization, an mse loss between latent
vectors from height-map processing (teacher) and from raw
depth images (student). This additional distillation process is
shown at the bottom of Fig. 2.

Fig. 11 analyzes the accuracy of the reconstructions of
the local height map using the latent variable obtained from:
1) the original local height map and 2) the depth camera
images. The first column in Fig. 11 shows the ground truth of
height map samples of different terrains (stairs, random stairs,
and squared steps) obtained from simulation. The second and
third columns show the reconstruction of the local height maps
from the latent variable encoded directly from the local height
matrix and the latent variable encoded from the depth images,
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Fig. 11. Reconstruction of local height maps from latent encodings learned
from two different exteroceptive sources. Each column shows: 1) the ground-
truth height map for a sample terrain; 2) the reconstruction from the latent
vector produced by the height map encoder; 3) the reconstruction from the
latent vector produced by the depth-image encoder; 4) the error between the
two reconstructions; and 5) the latent variable comparison. The reconstruction
error is very low, demonstrating that the depth-image encoder successfully
captures a similar latent representation to the height-map-based encoder.

respectively. The latent variable from the local height map
and the depth images is depicted in the last column, where we
show the effectiveness of the distillation process in learning the
same latent representation from two different sources. Finally,
while the visual comparison of the images in the second and
third columns clearly shows a good reconstruction of the
terrain’s height map, we quantitatively capture the accuracy
of the reconstruction from the latent variable by showing the
MSE error between the two height-map matrices in the fourth
column of Fig. 11.

Moreover, to reduce the sim-to-real gap caused by the dif-
ference between the depth images in simulation and hardware,
we process the simulated depth images using postprocessing
techniques inspired by [13] and [30] that have demonstrated
successful sim-to-real transfer of perceptive-locomotion poli-
cies. In particular, we: 1) crop the image to remove the blind
spots cause by stereo-matching at small distances; 2) add
Gaussian blurring and characteristic depth shadowing around
edges using Canny edge detectors; 3) clipped max depth
to 2 m; 4) inpainting for hole filling with edge coherence;
5) edge pixel dropout simulating occlusion artifacts; and
6) masking of big occlusions caused by the legs in the
downward camera. To demonstrate the effectiveness of these
techniques, Fig. 12 shows a comparison between simulated
and real camera feedback from the D435i cameras on the
digit robot, highlighting the resemblance of the simulated
environment.

D. Policy Performance

We denote that the RL policy learns to walk from scratch
and that a single-trained policy can navigate successfully on
various terrains, as shown in Fig. 1. When walking over
irregular terrain, the policy adapts the foot landing location by
taking shorter or longer steps to avoid collisions with the edges
of the terrain. Similarly, the policy adapts the foot location to
compensate for the heavy robot’s inertia to prevent falling, i.e.,

when stepping up or down the stairs. These adaptive strategies
naturally emerged during training from effectively integrating
terrain features into the RL policy and the combination of
rewards. We denote all results presented using a fixed step
duration of 0.4 s. The policy does not change the step timing in
response to terrain but adjusts foot placement. While adding a
variable stepping frequency could be an interesting extension,
the primary focus of this work is on the impact of the latent
representation of the terrain. More details about the policy
performance can be seen in the accompanying video: https://
youtu.be/tJVEFQK2XcQs

Table II shows the range of terrain parameters used during
data collection, policy training, and evaluation. These param-
eters were consistent across all the experiments to ensure a
fair comparison and to avoid domain gaps between training
and testing. Although the policy navigates successfully on
different terrains, there is a tradeoff between robustness and
tracking the commanded walking speed as the complexity of
the environment causes a higher tracking error in some of
the terrains. We denote that the velocity tracking reward is a
soft constraint within the RL formulation; therefore, perfect
tracking is not expected, especially when it could come at
a higher cost for other important rewards, e.g., avoiding the
robot from falling, which would result in an early episode ter-
mination. In other words, the policy sacrifices velocity tracking
performance to guarantee the robustness of the walking gait.
This is particularly evident in Fig. 13, where we show the
tracking error between the average walking speed ¥, and the
desired walking speed v/ = 0.5 m/s over 20 runs of the
same policy for four different terrains. Despite irregularities
in the terrain, the policy adapts its behavior to keep close
track of the target speed, except in cases where the terrain
conditions are too challenging, e.g., steep stairs, forcing the
policy to deviate from the desired walking speed to avoid
falling. Even with terrain awareness, the robot must exert
greater corrective control on more difficult terrains, which
leads to higher tracking error. The latent representation guides
foot placement to appropriate locations. However, once a foot
makes contact with an irregular surface, disturbances (like
small slips or tilts) can still occur and must be corrected by
the controller, resulting in deviations. Moreover, on more chal-
lenging terrains, the robot’s dynamics are more perturbed—for
example, when a foot lands on a high step, the robot’s body
might experience a jolt or require more corrective effort,
leading to larger tracking errors in velocities.

E. Robustness and Comparison

To quantitatively assess the policy’s robustness, we conduct
a Monte Carlo evaluation. We test the policy’s performance
across diverse terrains for at least 200 experiments per ter-
rain type, where each terrain instance is randomly generated
by sampling its parameters from the distributions shown in
Table II. The success rate for each terrain type is shown
in Fig. 14 with a confidence interval > 95%. A successful
trial consists of the robot walking without falling for 9 s.
This consistency of success across a spectrum of terrains
highlights the capability of the policy to navigate effectively
and adapt without terrain-specific tuning. These results also
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Fig. 12. Comparison of depth images from the hardware and the simulation before and after processing, e.g., clipping, cropping, and filtering. The top
row presents the raw data obtained from each source, whereas the bottom row depicts simulated and hardware post-processed depth images. The processed
simulated depth image closely resembles the real sensor image, and their resulting latent vectors are also very similar. This shows that with noise and occlusion
handling, our simulation model produces depth data that the encoder perceives as real data, supporting the potential for sim-to-real transfer.

TABLE 11
PARAMETERS SAMPLED FROM DISTRIBUTIONS FOR DIFFERENT TERRAINS

Terrain Type Parameter Distribution  Params (Mean, Std) Limits (Min, Max) Ext Limits (Min, Max)
Stairs Step length [m] Normal 0.4, 0.1) (0.3, 0.5) (0.25, 0.55)
Step height [m] Normal (0.15, 0.1) (0.05, 0.25) (0.025, 0.275)
Hills Max amplitude Uniform N/A 0.3, 0.4) (0.26, 0.44)
Octaves Normal (10.0, 2.0) (5, 15) (3.5, 16.5)
Slopes Slope plane about axis x Normal (0.0, 0.1) (-0.2, 0.2) (-0.22, 0.22)
Slope plane about axis y Normal 0.0, 0.1) (-0.2, 0.2) (-0.22, 0.22)
Square Steps Max step size [m] Uniform N/A (0.3, 0.5) (0.25, 0.55)
Max step height [m] Uniform N/A (0.15, 0.25) (0.125, 0.275)
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demonstrate the policy’s reliability in challenging terrains, an
essential quality for humanoid robots to promote real-world
deployment.

Furthermore, to demonstrate the actual contribution of the
latent representation of the height map, we compare our
proposed approaches (policies A and B) with two baselines
that share the same RL policy structure but use different inputs
for the terrain representation. We denote these two baselines
as policy C and policy D.

Policy C corresponds to the case of blind locomotion, where
the policy does not have a meaningful representation of the
upcoming terrain. By keeping the input of the local height
map to a fixed value corresponding to flat terrain, the policy

Fig. 14. Robustness of the policy to different terrains collected over more
than 200 experiments per terrain with a confidence interval > 95%.

“thinks” that it is walking on flat ground. The policy is robust
enough to handle terrains with hills and slopes, which is
consistent with several works on blind bipedal locomotion,
where it has been shown that the potential of RL policies to
navigate on these types of terrains without using exteroceptive
feedback. However, its success rate drops significantly for
terrains with random square steps and stairs, resulting in the
robot immediately falling after tripping over the edges of the
steps in the terrain.

Policy D corresponds to the case where the full terrain
height map x € R?*4 is included in the policy state. Although
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Fig. 15. Success rates with out-of-distribution terrains with an extended range
(20%) of key terrain parameters concerning the original training range. The
extended limits are presented in Table II. The policy maintains high success on
most terrains (e.g., hills, and squared steps) despite the increased difficulty,
highlighting the robustness of the learned perceptual latent space and the
policy’s adaptability.

this approach has been successfully applied in other end-to-
end RL frameworks for bipedal locomotion [10], [12], it is
incompatible with our proposed compact and sample-efficient
framework. We hypothesize that the lack of structure in the
raw terrain height map data results in a bottleneck for learning
effective actions. This effect is observed from Fig. 9, where the
reward curve for the policy with the full height map converges
significantly slower to a smaller value than the policies that
use the latent representation of the terrain height map. To
alleviate this effect, Duan et al. [12] build upon a pretrained
RL policy according to [31] and uses the complete height map
along with the full-order robot’s state to learn compensations
added to the base RL policy. As shown in Fig. 14, policy D is
the worst performer, even under-performing blind locomotion
(policy C).

On the other hand, policy A, which corresponds to our
approach of training the policy using the reduced-latent rep-
resentation of the local height map, and policy B, which
corresponds to the approach of generating the latent represen-
tation of the local height map using depth cameras, perform
consistently across all terrain types with a success rate greater
than 80%. This underlines the robustness of reduced-order
latent representations and their capabilities to generalize well
across different terrains without fine-tuning and to generalize
to different perceptive sources, i.e., depth cameras, through a
simple distillation process.

F. Generalization to Out-of-Distribution Parameters and
Sim-to-Sim Transfer

To evaluate the generalization capability of the learned pol-
icy beyond the training distribution, we conducted additional
tests using an extended range of terrain parameters not seen
during training. Specifically, we increased the upper bounds
of the terrain generation parameters by 20% across all terrain
types, as detailed in the last column of Table II. This controlled
extrapolation aims to assess the robustness of the policy under
terrain conditions that exceed the complexity of the training
set.

As shown in Fig. 15, the policy maintains high success
rates on terrains such as hills and squared steps, despite the

11

Fig. 16. Sequence of images of digit walking up and down a staircase in
the AR’s high-fidelity simulator. Using our terrain-aware policy, the robot
successfully climbs and descends the stairs without falling.

increased difficulty. We denote that the CNN-VAE module
used for terrain encoding was not retrained on these extended
terrains. The strong performance, therefore, highlights both:
1) the robustness of the learned perceptual latent space in
encoding previously unseen terrains and 2) the adaptability
of the policy to respond effectively to out-of-distribution sce-
narios. These results demonstrate that the policy has acquired
transferable perceptual-motor representations capable of gen-
eralizing beyond the training distribution for various terrain
types.

In contrast, performance on the slopes and stairs terrains
slightly degrades under the extended parameter settings. We
attribute this to the structured and discontinuous nature of stair
environments, which become significantly more challenging
with increased step height and gap width, and the complex
interaction between the flat landing foot and the steep slopes.
These changes represent a challenge for the kinematic and
dynamic limitations of the Digit robot, reducing the available
foothold margin and increasing the likelihood of unstable
contact or foot scuffing during swing and landing. While out-
of-distribution generalization is not the primary focus of this
work, we recognize the value of incorporating more complex
mechanisms—such as the attention-based models applied in
[16]—to better handle such terrain complexities or online
adaptive strategies for foot orientation. We consider this an
important direction for future work.

Finally, we successfully tested policy A in the ARs Simula-
tor, a highly realistic environment for the Digit robot, including
features such as real-time simulation, communication delays,
actuator delays, and the exact state estimation used in the
hardware. It also shares the same API as the hardware,
meaning that the same code used in the simulation can be
deployed on the hardware with a high probability of success.
The effectiveness of the AR simulator as a good sim-to-real
evaluation tool has been demonstrated in several works using
Digit, where policies tested in the AR simulator have been
successfully transferred to hardware [32], [33], [34].

In Fig. 16, we show a tile plot of the robot walking up
and down stairs in the AR simulator. Since the AR simulation
does not provide the depth camera feedback, the policy shown
in Fig. 16 corresponds to policy A in Section IV-E. The
latent representation is encoded from the local terrain height
map. The policy successfully leverages the efficient latent
representation of the terrain to command the task-space actions
that allow the robot to lift its feet at the right time and place
to successfully traverse the stairs without falling. A detailed
sequence of the motion is also shown in the accompanying
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Fig. 17. Success rates on various terrains for policies trained with history-
augmented terrain encoders, comparing different input—output structures and
latent sizes. Including a short history of height maps can improve robustness
on certain terrains (all history-based models exceed 95% success on slopes).
However, using a larger latent space, e.g., Lg4 versus L3y, does not guarantee
better performance. In fact, the 4 X 1L3, model (four-frame history compressed
into one latent of size 32) emerged as the best performer on most terrains.

video. In addition, to verify the importance of the latent
representation of the terrain, we also test policy C in the
AR simulator. As expected and consistent with the results in
Section IV-E and Fig. 14, the blind policy falls when the foot
hits the edge of the stairs. These results are also presented in
the accompanying video.

G. Comparison With History-Aware Perception

Finally, we show the performance of the policies trained
using the latent representation based on the reconstruction
results of the new CNN-VAEs training loss curves in Sec-
tion II-D and Fig. 7, which indicates successful convergence
for most history-aware CNN-VAE:s.

Success rates for history-aware policies across terrains (see
Fig. 17) show variations in effectiveness depending on the
terrain type. While all models excelled on slopes (success rates
>95%), performance differences were more pronounced on
complex features like hills and stairs.

Despite the superior reconstruction accuracy, larger latent
spaces (Lg4, Li2g) did not always result in better locomotion
policies. Despite its compressed representation, the 4 x 4 Ls;
model consistently performed well, indicating that dimen-
sionality reduction preserves essential terrain features while
filtering noise. Interestingly, the 4 x 1 L3, model, which
averages temporal inputs, emerged as the best performer across
terrains, except for stairs, where its success rate dropped
to 57%. This counterintuitive result suggests that for most
terrains, a temporally compressed representation capturing
the average terrain ahead provides robustness for locomotion
planning.

We hypothesize that the averaging effect in the 4 x 1Ls;
architecture acts as an implicit regularization mechanism,
enhancing policy robustness by emphasizing persistent terrain
features over transient details that can act as a predictor of
the incoming terrain. This benefits navigation on slopes, hills,
and squared steps, where gradual transitions outweigh precise
height details. For example, when walking on a slope with a
fixed inclination, the history of the height maps could help
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the policy infer the slope of the terrain, so it could adjust
its stepping with the assumption that the incoming terrain in
one or two steps could share the same terrain features as the
past terrain. However, for stair traversal, where step height
and edge detection are critical, temporal compressing blurs
essential features, significantly hindering the performance.

V. CONCLUSION

We propose a framework for learning terrain-aware per-
ceptive locomotion that integrates a latent representation of
the local height map with a reduced-order representation of
the robot’s states to form an efficient state representation.
By combining a learning-based HL terrain-aware planner
that formulates effective task-space actions with a low-level
feedback tracking controller, we obtain a robust controller
capable of traversing challenging terrains while preserving
excellent speed-tracking performance.

A central contribution of this work is the detailed analysis
of the latent space dimension, with ablation studies providing
empirical demonstrations that a larger dimension is not nec-
essarily better at capturing meaningful terrain features. Our
investigation into this principle of minimal sufficiency for
perceptual information revealed that an optimally compressed
latent representation is critical for sample efficiency and policy
robustness. This principle was further validated through an
analysis of history-aware perception.

We have established a clear and promising path toward
real-world application by successfully distilling this compact
representation from depth camera images with realistic sensor
noise and validating our policy in the high-fidelity ARs
simulator. Future work will focus on the direct hardware
implementation of this framework on the Digit robot, building
on the strong sim-to-real evidence presented. Further investi-
gation will also explore adaptive mechanisms to handle more
extreme out-of-distribution terrains, pushing the boundaries of
agile and perceptive locomotion.
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