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Abstract—Quadrupedal robots hold promising potential for
applications in navigating cluttered environments with resilience
akin to their animal counterparts. However, their floating-base
configuration makes them susceptible to real-world uncertainties,
presenting substantial challenges in locomotion control. Deep
reinforcement learning has emerged as a viable alternative for
developing robust locomotion controllers. However, approaches
relying solely on proprioception often sacrifice collision-free
locomotion, as they require front-foot contact to detect stairs
and adapt the gait. Meanwhile, incorporating exteroception
necessitates a precisely modeled map observed by exteroceptive
sensors over time. This work proposes a novel method for fusing
proprioception and exteroception through a resilient multi-modal
reinforcement learning framework. The proposed method yields
a controller demonstrating agile locomotion on a quadrupedal
robot across diverse real-world courses, including rough terrains,
steep slopes, and high-rise stairs, while maintaining robustness
in out-of-distribution situations.

Index Terms—Legged robots, control, multi-modal perception,
reinforcement learning

I. INTRODUCTION

In the past decade, quadrupedal robots have revolutionized
robotic applications in real-world environments thanks to
their capability to traverse cluttered spaces, enabling diverse
applications spanning exploration and inspection [1]–[4]. The
growing interest in quadrupedal robot applications has been
accompanied by advancements in control algorithms, which
have evolved from traditional model-based control [5]–[9] to
data-driven approaches such as deep reinforcement learning
(RL) [10]–[20].

Traditional model-based control pipelines for legged robots
typically rely on a complex cascaded structure [5] that

1Urban Robotics Lab., School of Electrical Engineering, KAIST, Daejeon,
Republic of Korea.

2KRAFTON, Seoul, Republic of Korea.
3URobotics, Seoul, Republic of Korea.
4Laboratory for Information and Decision Systems (LIDS), MIT, Cam-

bridge, MA, USA.
†Currently at 2. This work was done during his time at 1.
∗Corresponding author: Hyun Myung (hmyung@kaist.ac.kr)
Project page: https://dreamwaqpp.github.io
This work was supported in part by Korea Evaluation Institute of Industrial

Technology (KEIT) funded by the Korea Government (MOTIE) under grant
No. 20018216, “Development of Mobile Intelligence SW for Autonomous
Navigation of Legged Robots in Dynamic and Atypical Environments for Real
Application”, and in part by the R&D Program for Forest Science Technology
(Project No. RS-2025-25424472) provided by Korea Forest Service (Korea
Forestry Promotion Institute). The students are supported by BK21 FOUR.

a b c

d e

f g h

Fig. 1. The locomotion controller trained using DreamWaQ++ allows a
quadrupedal robot to perform agile and resilient locomotion over various
obstacles and terrains. The controller exhibits versatile gaits such as (a) as-
cending and (b) descending over a flight of stairs, (c) performing a leap
motion, (d) probing when faced with an uncertain dip, (e) crossing a gap,
(f) adapting to unseen deformable disastrous terrain, (g) balancing on movable
platforms, and (h) climbing a 35◦ slope. Note that all these behaviors
are embodied in a single neural network without specialized training for a
particular scenario.

comprises accurate state estimation [21]–[24], terrain map-
ping [25]–[29], and a whole-body controller optimizing the
robot’s foot trajectory [6]–[9]. However, these pipelines can
be computationally intensive for real-time inference and often
require strict assumptions, such as collision-free and non-slip
conditions. Although simplified models are sometimes used
to reduce problem complexity, they potentially aggravate the
performance.

As opposed to model-based control, deep RL methods
reformulate the optimization problem into offline optimization
during training by learning a decision-making policy that
implicitly plans future control actions based on given obser-
vations. Notably, a blind locomotion controller, relying only
on proprioception, demonstrates impressive robustness across
various terrain profiles [10]–[14]. However, the resilience of
blind locomotion controllers is inherently limited, as they
require collisions between the robot’s legs and the environment
to sense obstacle properties and adjust the gait accordingly.

To advance blind locomotion controllers, an efficient fu-
sion of proprioception and exteroception to learn a robust

https://dreamwaqpp.github.io
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quadrupedal locomotion controller is actively studied in the
legged robotics community [15]–[20]. Naturally, animals have
an agile locomotion behavior, owing to their ability to observe
the terrain ahead using their eyes and quickly plan their
effective gait for traversing the terrain. Therefore, incorpo-
rating exteroception for the gait planning of legged robots is
paramount for eliciting agile behaviors [30]–[33].

We propose DreamWaQ++, an obstacle-aware quadrupedal
locomotion controller that specifically aims to tackle the
following challenges: 1) a resilient controller with multi-modal
perception capability and sensor-agnostic nature that can be
integrated with various options of exteroceptive sensors, 2)
an efficient control framework that enables real-time control
and fast adaptation, 3) an efficient reinforcement learning (RL)
pipeline with a single-stage learning procedure. By employ-
ing DreamWaQ++ on a Unitree Go1 [34], we demonstrated
remarkable performance in traversing various challenging en-
vironments1as shown in Fig. 1.

This paper is an evolved version of the conference pa-
per [13]. We have extended the work by providing substantial
improvement in the controller’s performance and robustness
in the following aspects:
• Incorporation of a novel multi-modal perception module

that fuses proprioception and exteroception. The module
enables the controller to adapt to various terrains and
obstacles, including stairs, gaps, and deformable terrains.

• Enhanced robustness via a multi-modal deep RL frame-
work that enables the controller to efficiently leverage
the multi-modal perception module for learning a robust
locomotion policy in a single-stage learning procedure.

• Improved agility via skill discovery objectives that en-
courage the controller to learn versatile gaits for travers-
ing diverse terrains and obstacles.

• Extensive evaluation on various challenging environments
and robotics platforms, highlighting the robustness and
scalability of the proposed controller.

• Ablation studies to analyze the framework’s components
and their contributions to the controller’s performance,
opening up new research directions for future work.

II. RELATED WORKS

In recent years, research on legged locomotion has made
significant progress, largely driven by advancements in
simulation-based policy learning through deep reinforcement
learning. Earlier works in the field primarily focused on blind
locomotion strategies, aiming to ensure reliable sim-to-real
transfer by minimizing actuator model discrepancies [35] and
incorporating adaptation mechanisms to handle environmental
variations [10]–[13]. These approaches relied predominantly
on proprioceptive inputs to control the robot’s movement.
However, due to their limited perceptual capabilities, these
methods often struggle in more complex dynamic environ-
ments.

To address these limitations, exteroceptive perception has
been incorporated into the locomotion pipeline to enable

1https://youtu.be/DECFbMdpfps

policies that are not only stable but also aware of the surround-
ing terrain geometry, particularly near the robot’s legs [15],
[16], [19], [36]. Recent studies have utilized raw egocentric
depth vision for locomotion [17]–[20], [37]to mimic the lo-
comotion abilities of animals. However, elevation map–based
approaches [15], [16], [38] have proven to be superior, par-
ticularly in situations where depth vision is unreliable due to
limited field of view (FoV).

In addition to exteroception, memory-based architectures
such as long short-term memory (LSTM) and gated recurrent
units (GRU) have become primary components in the suc-
cess of recent perceptive locomotion controllers [12], [14],
[15], [39] to mitigate partial observability. However, train-
ing recurrent network models often suffers from vanishing
gradients due to the backpropagation through time (BPTT)
mechanism [40]. As a workaround, variants of convolutional
neural network (CNN) architectures have been used as a viable
option to handle sequential data [10], [11]. However, CNNs are
prone to inductive bias, which assumes that neighboring data
points are more likely to be related than others. This inductive
bias hinders a neural network’s ability to freely learn the
positional relationships between features in unstructured time-
series data. More recently, attention-based sequence models,
such as transformers [41], [42], have shown potential as viable
alternatives for constructing memory in locomotion tasks [17].

Utilizing large and expressive models such as transformers
is effective for learning complex policies in high-dimensional
action spaces [42]. However, these models typically require
large amounts of training data and are more susceptible to real-
time inference constraints due to their computational overhead.
To effectively balance perception, memory, and fast reaction
speed, we propose a multi-modal mixer architecture that com-
bines the strengths of both lightweight MLPs and attention-
based mechanisms. This architecture enables efficient process-
ing of both proprioceptive and exteroceptive inputs, allowing
the policy to learn a robust and adaptable locomotion strategy.

However, memory alone is sometimes insufficient for
achieving resilient locomotion behavior if the learned latent
representation obtained from memory does not account for
explorative behavior that promotes skill discovery. Without
an adequate skill discovery strategy, the latent representation
may lead the policy to overfit to a limited range of behaviors,
resulting in a conservative policy that struggles to adapt to di-
verse environmental changes [43], [44]. Therefore, we propose
two regularization techniques that balance accurate perception
learning while also promoting explorative behavior.

III. THE PROPOSED LEARNING FRAMEWORK

A. Overview

DreamWaQ++ comprises a perception pipeline and a control
pipeline, detailed throughout this section. All modules are
jointly trained with a combination of objective functions that
facilitate interaction between networks, promoting cooperative
learning of informative latent features. This training approach
resembles the context adaptation paradigm in a few-shot meta-
RL setting [45], [46]. Specifically, the context encoder is
trained on a large dataset of simulated quadrupedal locomotion

https://youtu.be/DECFbMdpfps
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Fig. 2. Overview of DreamWaQ++. The encoder has a hierarchical structure that consists of low-level raw measurement encoders and a spatio-temporal mixer.

with extensive domain randomization, resembling the meta
training phase. Subsequently, the learned context is used to
condition the policy in real time, akin to the meta-testing
phase. Simultaneously, the policy is trained to effectively
control the robot, thereby mitigating the impact of poor
context features and state estimation. All trained networks
were deployed on a real-world quadrupedal robot with onboard
sensors, without any fine-tuning. An overview of the entire
framework is shown in Fig. 2.

The control problem is formulated in a partially observable
Markov decision process (POMDP) setting with a goal to
maximize the expected discounted future rewards, which in
turn results in a policy:

π = argmax
a

E

[ ∞∑
t=0

γtrt

]
, (1)

where a, γ, and r are the action, discount factor, and rewards,
respectively. This objective is optimized using the proximal
policy optimization (PPO) [47] algorithm, while also taking
into account the auxiliary objectives related to the perception
pipeline.

We adopt a privileged learning setting using an asymmet-
ric actor-critic architecture trained using the proximal policy
optimization (PPO) [47] algorithm. The actor, i.e. the policy
receives partial and noisy observations (opt ), akin to the real-
world observations and the multi-modal context (zpet ) as its
input. The critic, by contrast, receives a privileged state that
are accessible only in simulation. The policy network runs at a
rate of 50 Hz, generating a target joint position that is tracked
by a low-level PD controller, running at 200 Hz, to generate
the joint torque commands.

B. Hierarchical Exteroceptive Memory
Employing exteroceptive measurements in a controller

presents distinct challenges due to the low-frequency nature of

the sensor, which operates at approximately two to five times
lower than the control loop and proprioceptive sensors. This
asynchrony introduces non-negligible delays into the control
loop, yielding degraded performance.

We circumvent this issue using a memory structure that gen-
erates a denser point cloud, oe,Kt , around the robot by concate-
nating points from the last K measurements, each transformed
to the robot’s current position using SE(3) transformations.
Unlike approaches such as [38], [48], which employ U-
Net-based architectures for full scene reconstruction, we use
autoregression solely to estimate the SE(3) transformation
of the robot’s body frame over time. This method avoids
computationally intensive reconstruction while still providing
temporally dense exteroception for the controller.

The SE(3) transformation is updated at each control loop
iteration by combining the IMU’s orientation measurement
with the integration of the body linear velocity vt predicted
by the state estimation network, which leverages the history of
the robot’s proprioception as detailed in Section III.D. This
transformation process enables temporal extrapolation of the
latest exteroceptive measurements by aligning previous points
with the robot’s current frame, forming the basis of a memory
structure that is then fed into the exteroceptive encoder. The
exteroceptive observation is formally defined as follows:

oe,K
t = oet ⊕ ôet−1 ⊕ · · · ⊕ ôet−K , (2)

where oet is the most recent exteroceptive observation at time
t. ôet−K is the previous exteroceptive observation at t − K,
which has been transformed to the robot’s body frame at time
t, which is defined as

ôet−k = t−k
t−KT

−1 · oe
t−K , (3)

where oe
t−k is the exteroceptive observation measured at time

t− k (k ∈ [0,K]), and t−k
t−KT is the SE(3) transformation of

the robot’s pose from time t to t− k.
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Fig. 3. The exteroceptive encoder uses a PointNet-based architecture as its
backbone. We designed a confidence filter layer that statistically learns a
masking layer that cancels out unreliable point features before aggregating
them into the exteroceptive context zet .

As the state estimation network only predicts the body linear
velocity, we integrate this velocity over k steps using Euler
integration to estimate the robot’s position transformation.
Although drift may accumulate in the pose estimate over time,
we found that this is not significant because the integration is
reset every K steps when a new exteroceptive measurement
is received. Moreover, we also randomized the exteroceptive
sensor pose with respect to the robot body frame during
training and applied several levels of exteroception noise to
enhance the policy’s robustness against erroneous local pose
estimation and exteroception data (Section IV.D).

In this work, we set the exteroception sampling rate to
10 Hz, resulting in K = 5 for constructing the exteroceptive
memory. While higher sampling rates are theoretically possible
depending on the choice of sensor, we selected 10 Hz due
to practical constraints. In particular, higher rates might be
slightly unreliable due to data processing latency on the
limited onboard computing resources. Moreover, using 10 Hz
sampling rate also allows us to change the sensor into LiDAR
without the need to retrain the policy, as commercial 3D
LiDAR sensors typically operate at 10 Hz.

C. Exteroceptive Encoder

We utilized 3D points as input to our framework to enable
flexible compatibility with multiple sensor configurations, such
as a 3D LiDAR sensor or depth camera. A PointNet-based
architecture [49] is employed to effectively extract informa-
tion from the input point cloud, accommodating an arbitrary
number of points while maintaining robustness to noise.

Although the max-pooling layers in PointNet enforce in-
variance to the number and order of input points in the point
cloud, they can become detrimental when outliers and heavy
noise dominate the input. This issue arises because the max-
pooling operation aggregates point features indiscriminately.
To address this, we employ a confidence filter layer following
the backbone PointNet architecture (Fig. 3). The confidence
filter statistically rejects unreliable points in the latent space
using a filtering operation, resulting in confidence-filtered
points defined as:

C
(

oe,Kt
)
= ψe

(
oe,Kt

)
·
(
1− tanh

(
σ
(

oe,K
t

)))
, (4)

where ψe (·) is the backbone PointNet layer, and σ(·) is a
standard deviation operator that statistically assesses the diver-
sity of the input point cloud. A hyperbolic tangent operation,
tanh(·), is used to smoothly set an upper bound of σ

(
oe,Kt

)

to one. Each point feature, ψ
(

oe,K
t

)
, is fed into a shared

confidence mask layer that outputs confidence masks based on
the statistics of the raw points. The confidence mask outputs a
value close to 1 for high-variance features and a value close to
0 for low-variance features, due to the tanh layer. Following
Eq. (4), C

(
oe,K
t

)
removes high-variance features, such as

outliers, while preserving low-variance features. The filtered
point features are then aggregated using max-pooling to obtain
the exteroceptive context zet .

D. Proprioceptive Encoder

The proprioceptive encoder is based on the context-aided es-
timator network (CENet) [13], modified by replacing standard
fully connected layers with an MLP-mixer architecture [50].
This modification enables interactions across different propri-
oceptive modalities over multiple time frames, enhancing both
the explicit estimation and latent representation of propriocep-
tion. To achieve this, we treat the proprioceptive features as
tokens and the time frames as channels, enabling the MLP-
mixer to learn interactions across different proprioceptive
modalities and temporal dimensions. We employ MLPs with
two hidden layers, each consisting of 256 hidden units, and
use ELU activation functions for both the token-mixing and
channel-mixing MLPs.

The encoder receives a stack of temporal observations
at time t over the past H measurements as op,Ht =[
opt opt−1 · · · ot−H

]T
, allowing the policy to infer context

with short-term memory. Specifically, we set H = 5, with
the policy running at 50 Hz, providing a memory window
of 100 ms.

The proprioceptive encoder is trained to output a distribution
over latent states using variational inference [51], supporting
exploratory learning and serving as a denoising mechanism
to aid domain adaptation. This stochastic latent representation
significantly reduces the sim-to-real gap, resulting in smooth
and robust real-world control [13].

The latent vector zpt is used as input to the multi-modal
mixer and for body velocity estimation via an additional
estimation layer following the encoder. The body velocity
estimation layer is a fully connected layer with 256 hidden
units and ELU activation, which predicts the body linear
velocity v̂t using the loss function in Section III.F1.

E. Multi-Modal Mixer

The multi-modal mixer network was implemented using an
MLP-mixer architecture, where the input features are treated
as tokens and the time frames are treated as channels. Both the
token-mixing and channel-mixing MLPs consist of two hidden
layers with 256 hidden units each and employ ELU activation
functions.

To stabilize learning, we apply layer normalization sepa-
rately to the proprioceptive and exteroceptive latent features
before passing them into the multi-modal mixer. This nor-
malization step ensures that the two modalities are on a
comparable scale, thereby facilitating more effective fusion.

The multi-modal mixer was trained end-to-end alongside all
other networks in DreamWaQ++, as shown in Fig. 2. However,
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this setup presents a trade-off in numerical stability during the
early stages of training.

A straightforward solution is to balance the weights of the
reconstruction loss and KL divergence in LVAE. In variational
inference, the prior distribution of the latent state is typically
assumed to follow a normal distribution. Strong minimization
of latent loss during training can help the encoder better
approximate the latent space, enhancing training stability.
However, this approach risks posterior collapse, wherein the
encoder neglects critical input details, impairing the policy’s
ability to detect and respond to small environmental obstacles.
To address this, we introduced a constrained reparameteriza-
tion trick, defined as follows:

z ∼ N(gµ(x), gσ(x)), (5)

where z is a stochastic latent vector and x is the input to the
encoder network g. The subscripts µ and σ indicate the outputs
of g(x) that correspond to the mean and standard deviation
of the latent distribution, respectively. z is sampled from a
Gaussian distribution N(·, ·) with mean gµ(x) and standard
deviation gσ(x).

During the reparameterization step, we imposed hard con-
straints on the standard deviation of the distribution, ensuring
σmin ≤ gσ(x) ≤ σmax. This constraint guarantees numerically
stable samples that can be reliably propagated to subsequent
network layers. By implementing this simple yet effective
solution, we achieve greater training stability without com-
promising the policy’s final performance. Empirically, we
set σmin = 0 and σmax = 5 to facilitate stable training.
This constrained reparameterization trick is applied across all
encoder networks that use a stochastic layer.

F. Learning Objectives

We trained the multi-modal context encoder using three
losses: an estimation loss, Lest, a proprioceptive variational
auto-encoder (VAE) loss, Lp

VAE, and an exteroceptive VAE
loss, Le

VAE. These losses are combined and included as an
auxiliary term in the policy loss.

1) Estimation Loss: The estimation loss is used to train
the proprioceptive encoder to explicitly estimate the body
velocities of the robot, ṽt. The estimation objective was
formulated using mean-squared-error (MSE) loss as:

Lest = MSE(ṽt, vt), (6)

where vt as the ground-truth (GT) body velocity of the robot in
the robot frame. We also adaptively bootstrap ṽt during policy
training to improve the robustness of the policy [13]. To avoid
exploiting inaccurate estimation in the early stage of training,
a bootstrapping probability, pboot ∈ [0, 1], is computed by
measuring the coefficient of variation, CV (·) of the cumulative
rewards R ∈ Rm×1. The probability is formulated as

pboot = 1− tanh(CV (R)). (7)

2) VAE Loss: The multi-modal context encoder is trained
using an unsupervised method with two reconstruction tasks.
First, the proprioceptive encoder is trained to reconstruct the
future observation, õt+1, to encourage the predictive nature of
the network. We employ β-VAE loss for the proprioceptive
encoder, formulated as

Lp
VAE = MSE(õt+1, ot+1) + βDKL(q(zp

t |o
p,H
t ) ‖ p(zp

t)), (8)

where the first term is the reconstruction loss and the sec-
ond term is the latent regularization loss expressed with a
Kullback-Leibler (KL) divergence operation. The latent reg-
ularization is scaled with β = 5.0 to encourage disentangle-
ment [13], [51]. The prior distribution of the proprioceptive
context p(zp

t) is parameterized using a Gaussian distribution
and the posterior distribution q(zp

t |oHt ) is approximated using
a neural network, i.e. via the encoder network.

Second, the exteroceptive and multi-modal context encoders
are trained with an exteroceptive VAE loss, formulated as

Le
VAE = MSE(h̃t,ht) + βDKL(q(zpe

t |o
pe
t ) ‖ p(z

pe
t )), (9)

where zpe
t = fψmix(z

p
t ⊕ ze

t) is the output of the multi-modal
context encoder, as a result of feeding the concatenation of
the proprioceptive and exteroceptive context vectors into the
mixer network, fψmix

(·). ope
t = op,H

t ⊕ oe,K
t is the observable

proprioception and exteroception. The ground-truth robot-
centric height scan, ht, is obtained from the simulator, and
h̃t is its reconstruction, which can be obtained via a decoder
network that receives zpe

t as its input.
A large value of β imposes a strong latent regularization,

thus, limiting the reconstruction accuracy, and vice versa.
Although it is only a single parameter, tuning β is non-trivial
and lack of intuition. Therefore, we propose an adaptive β
scheduling method to ease its tuning procedure by scaling it
with a factor, k, computed as:

k = exp{(δ · (τ − Lrecon))}, (10)

where δ > 0 is the learning rate for k, τ is the allowed
reconstruction error threshold, and Lrecon is the reconstruction
loss. Subsequently, β is updated using the following rule:

β ←


βmin if kβ ≤ βmin,

kβ if βmin ≤ kβ ≤ βmax,

βmax if kβ > βmax.

(11)

Intuitively, k is updated at every iteration depending on the
reconstruction loss of the VAE network. When the reconstruc-
tion error exceeds a certain threshold, τ , then β is scaled down
to allow learning of more accurate reconstruction. In contrast,
when the reconstruction error is below the given threshold,
β is scaled up to allow learning of more disentangled latent
representation.

3) Contrastive Loss: Prior works trained an adaptation en-
coder using a regression loss to explicitly predict environment
properties [10], [11]. However, this approach might suffer
from realizability gap [52] caused by insufficient observations
to reconstruct the environment properties. To circumvent this
issue, we tighten the distribution gap between the learned
latent representations of policy’s observations and critic’s
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privileged observations, rather than requiring the policy to
infer the privileged information via regression. We employ
a contrastive learning framework by matching the distribution
of the privileged latent features used for the critic with the
latent features inferred from partial observations used for the
actor within an asymmetric actor-critic setup. We define the
contrastive loss as:

Lcontrastive =λ
∥∥zpe
t − gθh(ht)

∥∥2
2

+ (1− λ)
∥∥max(0,m− (zpe

t − zrandom
t ))

∥∥2
2
,

(12)

where gθh(ht) is the encoded ground-truth height scan, which
is used as the positive anchor for the contrastive loss.
Meanwhile, zrandom

t is a random latent feature sampled from
U [−1.0, 1.0], which is used as the negative anchor. The
parameters m ∈ R+ and λ ∈ [0, 1] are the margin for the
negative pair separation and scaling factor, respectively. This
contrastive loss forces the multi-modal latent feature to match
the encoded ground-truth height scan, while also distancing
the latent feature from an unstructured representation labeled
by the uniformly random latent feature.

G. Skill Discovery

We incorporate an unsupervised RL objective through mu-
tual information (MI) maximization for promoting skill dis-
covery. This objective allows the emergence of novel behaviors
while preserving stable behaviors induced by the handcrafted
reward functions. Specifically, we maximize the MI between
visited states and the latent variable inferred by the multi-
modal context encoder.

The MI objective is introduced as a regularization term in
the PPO loss function. We call this objective as versatility
gain, which seeks to be maximized for inducing versatile
locomotion behaviors. Thus, the versatility gain can balance
exploration, exploitation, and reconstruction. The versatility
gain is defined as:

Gversatility = I(ope
t ; zpe

t ) = H(z
pe
t )−H(z

pe
t |o

pe
t ), (13)

where I(·; ·), H(·), and H(·|·) are the mutual information,
Shannon entropy, and conditional entropy operators, respec-
tively. Eq. (13) comprises two terms that were essential for
training. The first term maximizes the variation of the inferred
latent variables, thus, promoting the variation of skills that can
be obtained during policy learning. The second term minimizes
the entropy of the latent states given an observation, thus,
acting as a denoising operation to filter out noisy observations
by clustering intrinsically similar observations into a similar
latent representation.

Generally, the encoder is trained to minimize the KL di-
vergence between zpe

t and ope
t , i.e. Lencoder ≈ DKL

(
zpe
t |o

pe
t

)
,

effectively compressing raw observations while maintaining
the original data distribution. Subsequently, jointly training the
networks using Gversatility and Lencoder maximizes:

J , Gversatility − λeLencoder

= I(ope
t ; zpe

t )− λeDKL
(
zpe
t |o

pe
t

)
= H(zpe

t )−H(z
pe
t |o

pe
t ) + λe

[
H(zpe

t , o
pe
t )−H(z

pe
t )
]

= H(zpe
t )−H(z

pe
t |o

pe
t ) + λe

[
H(zpe

t |o
pe
t ) +H(o

pe
t )−H(z

pe
t )
]

= (1− λe)H(zpe
t )− (1− λe)H(zpe

t |o
pe
t ) + λeH(ope

t ),
(14)

where H(·, ·) is a cross-entropy operation and λe ∈ R+ is
the scaling factor for Lencoder. Eq. (14) shows that choosing
λe = 1 leads to entropy maximization on the state visita-
tion that subsequently promotes policy exploration and skill
discovery during training. Furthermore, choosing λe < 1
maximizes H(zpe

t ) and minimizes H(zpe
t |o

pe
t ), effectively di-

versifying the distribution of zpe
t while compressing ope

t . In
practice, we set λe = 0.1 for our experiments.

IV. IMPLEMENTATION DETAILS

A. Simulation

We utilized NVIDIA Isaac Gym Preview 3 [53] as the sim-
ulator to train the controller and multi-modal context encoder
networks, with training environments based on the Legged
Gym library [54]. Domain randomization was applied across
3,500 agents, completing training in approximately 11 hours
on an NVIDIA A5000 GPU. The trained multi-modal context
encoder and policy networks were then deployed without any
fine-tuning on a physical robot or in the Gazebo simulator for
the evaluations presented in this paper.

B. Low-Level Control

The policy and multi-modal context encoder networks run
synchronously while processing asynchronous observations.
Proprioceptive measurements are sampled at 200 Hz, and
exteroceptive measurements at 10 Hz, with the controller
integrating the latest measurements at 50 Hz. To enhance
robustness against asynchronous observations, latency ran-
domization was applied during training. Detailed information
on randomized latency for all measurements is available in
Table I.

The policy network generates target joint positions at 50 Hz,
which are then sent to a low-level proportional-derivative (PD)
controller operating at 200 Hz. Within the PD controller, target
joint positions are converted into torque commands using
proportional (Kp) and derivative (Kd) gains of 25 and 0.7,
respectively. We made a custom interface using Pybind to
access the Unitree SDK via our Python script that runs the
RL policy and to send the target joint positions to the Unitree
SDK using a ROS system. The Pybind interface then converts
the target joint positions into torque commands, which are
subsequently transmitted to the low-level motor controller.

C. Domain Randomization

We randomized multiple physical properties of the robot
and environment to facilitate sim-to-real transfer. Additionally,
we employed Roll-Drop [55] to encourage exploration and
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TABLE I
DOMAIN RANDOMIZATION RANGES APPLIED IN THE SIMULATION.

Parameter Randomization range Unit
Payload [−1, 2] kg
Kp factor [0.9, 1.1] Nm rad−1

Kd factor [0.9, 1.1] Nms rad−1

Motor strength factor [0.9, 1.1] Nm
Center of mass shift [−50, 50] mm
Friction coefficient [0.2, 1.25] -
System delay [0.0, 15.0] ms

enhance robustness alongside physics randomization. Table I
summarizes the details of the physical properties and their
randomization ranges.

Additionally, we applied domain randomization to account
for potential data asynchrony between proprioceptive and
exteroceptive sensors caused by system delays. Such delays
may arise from factors including data transmission latency,
multithreaded execution on the robot, and hardware-induced
timing jitter. These issues can violate the Markov property
assumed in standard policy learning frameworks.

To mitigate this, we randomly delay proprioceptive obser-
vations within a range of [0, 15] ms during training. This
strategy encourages the policy to treat minor mismatches
between proprioceptive and exteroceptive inputs as observation
noise, thereby increasing its robustness to sensor delays during
deployment.

While it is theoretically possible to extend the random-
ization range to further improve robustness, doing so can
lead to overly conservative policies and degrade performance.
Therefore, we set the maximum delay to 15 ms, which we
found to be empirically appropriate given the computational
constraints of our onboard hardware.

D. Adversarial Observations
During training, we injected noise into the proprioceptive

and exteroceptive observations to make the policy be robust
against noisy real-world observations. For the proprioceptive
observations, a uniform noise was injected at each time step.
For the exteroceptive data, we defined three different noise
ranges, constituting low, medium, and high noise levels. The
proportion of robots that operate with these exteroceptive noise
scales during training was set to 30%, 50%, and 20%, for the
low, medium, and high noise levels, respectively.

To handle erroneous extrinsic calibration between the exte-
roceptive sensor and the robot body frame, we also applied
sensor alignment bias at the beginning of each episode to
simulate extrinsic calibration error. This error encompasses
biases in both the position and orientation of the sensor
frame with respect to the robot body frame. The biases were
sampled from a uniform distribution and consistently applied
to the exteroceptive measurements throughout the episode. The
ranges of the observation noises and sensor alignment biases
are summarized in Table II.

E. Privileged States
We utilized a robot-centric local height map as the privi-

leged exteroception, sampled around the robot in a 2.5D grid

TABLE II
NOISE AND SENSOR ALIGNMENT BIAS PARAMETERS INJECTED INTO THE

OBSERVATION FOR THE POLICY NETWORK DURING TRAINING.

Observation Noise range (µ) Unit
Joint position [−0.01, 0.01] rad
Joint velocity [−1.5, 1.5] rad/s
Body linear velocity [−0.1, 0.1] m/s
Body angular velocity [−0.2, 0.2] rad/s
Gravity vector [−0.05, 0.05] m/s2

Exteroceptive measurement (low) [0.0, 0.03] m
Exteroceptive measurement (medium) [0.03, 0.1] m
Exteroceptive measurement (high) [0.1, 0.3] m
Exteroceptive bias roll [−0.2, 0.2] rad
Exteroceptive bias pitch [−0.15, 0.15] rad
Exteroceptive bias yaw [−0.1, 0.1] rad
Exteroceptive bias x [−0.1, 0.1] m
Exteroceptive bias y [−0.1, 0.1] m
Exteroceptive bias z [−0.1, 0.1] m

where each cell represents terrain height. The grid dimensions
are w = 1.1 m by h = 1.7 m, with the first row positioned
0.9 m ahead of the robot’s body frame, similar to the 3D
voxel grid used for the multi-modal encoder input. The grid
resolution is set to 5 cm.

For privileged proprioception, we utilized ground-truth data
and simulation measurements, including body-centric linear
and angular velocities, gravity vector, joint positions and
angular velocities, external disturbance forces and torques,
foot positions relative to the robot’s body frame, and phys-
ical properties of the robot. The physical properties include
friction, motor damping, motor stiffness, motor strength ratio,
additional payload, and the robot’s center of mass shift.

F. Reward Functions

We used the exact same rewards in [13]. On top of these
rewards, we employed a reward curriculum to exponentially
anneal some style rewards, i.e. joint torque, joint velocity,
joint acceleration, action rate, and smoothness rewards. We
observed that although these style rewards are important to
ensure sim-to-real transfer, they can lead to suboptimal policies
that make the robot only learn basic locomotion skills. This is
because the agent may become overly focused on maximizing
immediate rewards induced by these joint-level regularization
rewards. Therefore, we gradually annealed the weight of the
regularization rewards to allow the agent to explore a wider
range of behaviors and styles after it has learned the basic
locomotion task. The annealing follows the following rule:

wi+1 = λwi, (15)

where w is the reward weight, i is the learning iteration, and λ
is the annealing rate. We set λ= 0.998 and w0 for the selected
skill rewards are summarized in Table III.

V. EXPERIMENTAL RESULTS

A. Hardware Settings

All networks were trained to control a Unitree Go1 [34]
robot. For the experiments, we used robots with different
exteroception configurations, as shown in Fig. 4. Robots R1,



8

TABLE III
INITIAL WEIGHT w0 FOR SELECTED STYLE REWARDS THAT WERE

ANNEALED USING THE REWARD CURRICULUM.

Reward Weight (w0)
Joint torque −5×10−6

Joint velocity −6×10−6

Joint acceleration −7.5×10−8

Action rate −1.5×10−5

Smoothness −1.5×10−5

(a) (b) (c) (d)

Fig. 4. Hardware setup for robots (a) R1, (b) R2, (c) R3, and (d) R4. R1
was equipped with an Intel RealSense D435f camera, R2 was not equipped
with any exteroceptive sensor and used only for blind locomotion, R3 was
equipped with an Ouster OS-01 LiDAR, and R4 was equipped with two Livox
Mid-360 LiDARs.

R3, and R4 are Unitree Go1 robots with different exterocep-
tion setups, while Robot R2 is a Unitree A1 robot without
exteroception.

Robot R1 was equipped with an Intel RealSense D435f
camera tilted 45◦ downward, streaming data at 15 Hz to the
onboard Jetson Xavier NX. To protect cables from potential
damage during falls, a canopy was added, increasing the
payload by approximately 0.5 kg.

Robot R2, a Unitree A1 without exteroception, was used
to compete against Robot R1. The blind locomotion policy,
DreamWaQ [13] was deployed on the A1 robot because it
has similar morphology and motor properties to the Go1,
while offering higher torque. Consequently, the Unitree A1 is
expected to perform comparably, if not better, than the Unitree
Go1 with DreamWaQ, as it can apply additional torque to
manage collisions during stair climbing.

Robot R3 was equipped with an Intel NUC PC and an
Ouster OS-01 LiDAR. This configuration was used to evaluate
the generalization and transferability of the learned controller
on a robot with different exteroceptive sensors, resulting in
an additional payload of approximately 3.0 kg. Finally, a
fourth robot, R4, equipped with an Intel NUC PC and two
Livox Mid-360 LiDARs, was utilized for further experiments
in an asynchronous race setting shown in Figs. 5(c)-(e). The
additional payloads on R3 and R4 are approximately 2.5 kg.

B. Fast Locomotion over Obstacles

1) Head-to-head Racing Across Stairs2: We benchmarked
the proposed controller against DreamWaQ [13] (a baseline
blind locomotion controller) and the robot’s built-in perceptive
controller [34] in a head-to-head stair-climbing race as shown
in Fig. 5(a).

The experimental setup consisted of fifty stairs, and we used
robots R1, R2, and R3 as described in Section V.A. Robots R1,
R2, and R3 were controlled by DreamWaQ++, DreamWaQ,

2https://youtu.be/lAdPj3KTDo8

(a)

R3R2R1

Start

Finish

(b)

(c)

(d)

(e)

(f)

Fig. 5. (a) A head-to-head race between the proposed controller against
baselines. (b) 3D map visualization of the race environment. Asynchronous
stair-climbing experiments were conducted to ensure fairness, where the robot
was controlled using (c) DreamWaQ++, (d) DreamWaQ, and (e) Unitree Go1’s
built-in controller. The white mask on the stair indicates the same stair plate
that each robot interacted with over the four successive snapshots. (f) Velocity
estimation error comparison in the stair-climbing task. The **** annotation
indicates the significance level computed using a paired t-test.

and Unitree’s built-in controller, respectively. All robots started
from the same point before the stairs, except for R3, which was
placed one stair ahead due to the built-in controller’s difficulty
with the height of the first step. For safety reasons, all robots
were manually controlled by a human operator.

Robot R1 quickly outperformed the others, gaining a lead
shortly after the starting point, as shown in Fig. 5(b). To
mitigate frequent stumbles, robot R2 was commanded at a
linear velocity of 1.2 m/s but continued to experience tracking
errors due to frequent missteps on stair edges. In contrast,
robot R1 adaptively adjusted its gait and foot placement,
enabling faster traversal at a lower velocity command of
approximately 1.0 m/s. Robot R3, however, struggled with
stair climbing due to latency in its perceptive controller’s
reaction time, which depends on a local environmental map
and limits both speed and agility.

The race concluded when one robot reached the final stair to
assess overall reachability (Fig. 5(b)). Robot R1 completed the
race in 35 s, covering a horizontal distance of approximately
30.03 m and a height of 7.38 m. By the same timestamp, R2
had covered about 20.05 m horizontally and 5.44 m in height,
while R3 failed to finish after stumbling and covering only
6.38 m horizontally and 2.44 m in height. This experiment
highlights the superior agility of the proposed controller in
handling continuous obstacles.

https://youtu.be/lAdPj3KTDo8
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30 cm

20 cm25 cm

(a)

(b)

(c)

1 2 3 4

5 6 7 8

1 2 3 4

1 2 3 4

Fig. 6. (a) Affordance-aware locomotion when ascending stairs with rise of
25 cm on the left and 20 cm on the right side of the robot. (b) Emergent
behavior to quickly and efficiently climb stairs with long foot swing motion,
compared with a regular case (c) where the robot could not overcome two
stair steps at once because the rear foot was located around the middle of the
stair step.

2) Asynchronous Race3: We conducted additional asyn-
chronous experiments using robot R4 (Fig. 4(d)) with au-
tonomous navigation to ensure consistent path planning during
stair climbing. This experiment aimed to validate the perfor-
mance of DreamWaQ++ in a more controlled setting, where
the same robot hardware was tested using both DreamWaQ
and DreamWaQ++. Key snapshots highlighting the robot’s
movements are shown in Figs. 5(c)-(e).

A discernible behavior between DreamWaQ++ and
DreamWaQ is in their gait adaptation. DreamWaQ++ raises
the body and extends foot swing to step securely on the stairs
(Fig. 5(c)), whereas DreamWaQ often collides and drags the
foot along the stair edge before stepping (Fig. 5(d)), resulting
in reduced efficiency and more frequent stumbles. The built-
in controller uses a fixed gait, lacking spatial memory and
adaptability, leading to rear leg stumbles (Fig. 5(e)).

We also measured state estimation errors for DreamWaQ++
and DreamWaQ during these experiments. This error, de-
fined as the absolute difference between ground truth and
estimated velocities, was computed using a LiDAR odom-
etry algorithm [56]. As shown in Fig. 5(f), DreamWaQ++
demonstrated significantly lower estimation errors, indicating
superior position estimation and gait adaptation—crucial for
efficient stair climbing and enhanced stability and robustness.

C. Obstacle Awareness4

1) Obstacle Negotiation: In Fig. 6(a), the controller demon-
strated affordance-awareness when navigating terrains of vary-
ing difficulty. The robot was given a forward velocity com-
mand of 0.6 m/s with a zero yaw rate command. Initially,
when commanded to move toward the middle of the stairs
(Fig. 6(a-2)), the robot moved toward the lower stair rise on
the right side, opting for a less risky path. Subsequently, as
the left and right stairs overlapped, a lower step appeared

3https://youtu.be/XVC7c5DlB4I
4https://youtu.be/mgNLLNxg52A

Fig. 7. Success rate (SR) comparison measured on each algorithm by
simulating 1,000 robots to climb sequence of stairs. The SR is defined as
the percentage of the number of robots that reached the last stair within 10 s
over the total number of robots.

on the left side (Fig. 6(a-6)). The robot quickly adapted its
path toward these easier steps, resisting the zero yaw rate
command, thereby demonstrating the controller’s ability to
learn and perceive the affordances of different obstacles.

2) Foot Swing Adaptation: Fig. 6(b) illustrates the perfor-
mance of the proposed controller on stairs with a 15 cm rise.
Typically, the controller directs the robot to swing its feet,
stepping on each stair sequentially. However, when a foot
approaches the edge of a stair, the robot extends its swing
phase (indicated by red arrows in Fig. 6(b)), allowing the rear
foot to overcome a combined rise of 30 cm. In contrast, as
shown in Fig. 6(c), the robot steps normally when the rear
foot is positioned near the middle of the initial stair step. This
adaptive behavior suggests that the controller retains a form of
memory of the structure beneath the robot, leveraging fused
information from the network architecture.

3) Quantitative Performance Assessment: We compared
DreamWaQ++ with a visual locomotion controller based on
ViNL [57], training the baseline with the same parameters as
DreamWaQ++ but without the navigation pipeline from [57].
Additionally, we used only the teacher network to achieve
upper-bound performance, noting that this network has access
to the ground truth height map around the robot, which we
refer to as ViL-teacher.

We simulated 1, 000 robots climbing stairs with increasing
rises, as shown in Fig. 7. Using a stair run of 0.3 m—a
common real-world dimension—and an extended run of 0.6 m
to represent low-slope, high-rise obstacles, the results in Fig. 7
indicate that DreamWaQ++ achieved success rates 20−40%
higher than the baseline with ground truth height map access.
This finding suggests that accurate height map information
alone is insufficient for high-performance locomotion, similar
to animals’ ability to climb without constant visual feedback.

This improvement is attributed to versatile skill learning
promoted by the proposed versatility gain function Lversatility,
which serves as an intrinsic reward encouraging exploration.
Without this gain, the policy lacks exploratory behavior, often
resulting in a conservative approach that fails to handle unseen
terrains effectively.

D. Uncertainty Awareness and Adaptation5

Fig. 8 demonstrates an emergent locomotion behavior of
the proposed controller when traversing terrains with signif-

5https://youtu.be/G_lTWikijWk

https://youtu.be/XVC7c5DlB4I
https://youtu.be/mgNLLNxg52A
https://youtu.be/G_lTWikijWk
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(a)

1 2 3 4 5

(b)

(c)

Fig. 8. An emergent probing skill enables the robot to check the upcoming
terrain when it poses a high risk and uncertainty. (a) A sequence of the robot’s
movement to probe the upcoming terrain. (b) Corresponding velocity com-
mands and estimation, showing how the controller resists the given command
and allocates time for the robot to check for the terrain. (c) Significant knee
flexion-extension (KFE) motions indicated by a sudden change in the calf
joint angle, revealing the emergent adaptive behavior as a novel probing skill.

icant height differences. Figs. 8(a)-(c) visualize snapshots of
the robot’s motion, commanded and estimated base velocity,
and joint angles, respectively. When confronted with a stage
featuring a large elevation difference, the controller could
not accurately gauge the terrain height near the robot’s front
feet. In response, the robot deliberately stops before the ridge
(Fig. 8(a-2)) and orchestrates its feet to probe the terrain
characteristics (Fig. 8(a-3)). Upon detecting solid ground, the
robot continues moving forward and confidently descends
from the edge of the stage (Fig. 8(a-4)). Subsequently, the
robot spreads its rear legs and uses them as anchors, reducing
the impact on the front legs upon landing.

E. Out-of-distribution Adaptation

1) Reacting to Sudden Changes of Foothold6: We evalu-
ated the controller’s adaptability to unexpected environmental
changes, such as deformable and movable surfaces, which
were not encountered during training. In Fig. 9(a), the robot
initially moves toward a movable cart. Upon stepping onto the
cart, an abrupt kick is applied, propelling the cart away from
the robot.

The controller’s swift response, shown in Fig. 9(a-4),
involved manipulating the front hip joints (Fig. 9(b-4)) to
create a support polygon approximately 20.12% larger than in
normal locomotion (Fig. 9(c)), ensuring a safe landing after
the platform was unexpectedly removed.

Fig. 9(d) visualizes the multi-modal contexts, forming a cir-
cular pattern corresponding to foot motion events in Fig. 9(a).
When the cart is kicked at t=2.4 s (Fig. 9(a-3)), the contexts
form a new cluster (upper left of Fig. 9(d)). Subsequently, a
distinct cluster appears (bottom left of Fig. 9(d)) at Fig. 9(a-
4), with fewer embeddings as the policy quickly handles
the situation. The embeddings then return to the original

6https://youtu.be/tFI8xDwF4bU

Fig. 9. Adaptation to sudden changes of foothold. (a) The robot is externally
disturbed by quickly removing the platform it is stepping on. (b) An abrupt
change in the robot’s perception made the controller rapidly alter the robot’s
joints at around t = 2.5 s to (c) enlarge the robot’s support polygon for
ensuring a safe and stable landing. (d) A 2D embedding visualization using
pairwise controlled manifold approximation projection (PaCMAP) [58] shows
how the multi-modal context dynamically changes over time and capture
changes in the environment, providing informative contexts to swiftly adapt
the policy.

Body orientation

 slope

(a) (b)

(c)

Fig. 10. Comparison of torque exertions when climbing a 35◦ slope using
(a) DreamWaQ and (b) DreamWaQ++. The annotations on top of the boxplot
in (c) indicate the significance level measured using a paired t-test method

circular pattern after the robot lands safely, resuming normal
locomotion at t=3.2 s.

https://youtu.be/tFI8xDwF4bU
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Fig. 11. Success rates for climbing different obstacles using various
quadrupedal robots. We trained DreamWaQ++ for Unitree Go1, ANYmal-
C, and Hound. The maximum stair rise imposed during training for all robots
is 27 cm.

2) Climbing Over a Steep Slope7: Fig. 10(c) compares
the torque exertion of controllers trained with DreamWaQ
and DreamWaQ++ (see Figs. 10(a) and (b)). Both controllers
were trained exclusively on rough slopes up to 10◦, while
in this experiment, the robot was tasked with climbing a
35◦ slope. DreamWaQ’s policy attempts to maintain a flat
body orientation (Fig. 10(b)), as it was trained with a blind
locomotion controller to generalize across various terrains.
Although broadly effective, this approach results in conser-
vative behavior and greater torque exertion on the rear legs
(Fig. 10(a)) to uphold the flat base pose.

In contrast, the DreamWaQ++ policy employs a crawling
gait with a reduced body height relative to the slope surface,
aligning the robot’s base orientation with the slope inclination,
which enhances stability and reduces torque on the rear legs,
as shown in Fig. 10(b). DreamWaQ++’s terrain perception
enables flexible gait adaptation rather than a conservative
approach. Notably, rear leg torque in DreamWaQ++ is approx-
imately 1.5 times lower than in DreamWaQ, demonstrating
DreamWaQ++’s superior out-of-distribution adaptation.

F. Scalability to Other Platforms8

We evaluated the scalability of DreamWaQ++ by applying
it to legged robots with different morphologies and sizes
by training controllers for ANYmal-C [59] and Hound [60]
robots. Note that we used the same reward functions and
its corresponding weights. Particularly, we adjusted only the
robot-specific parameters such as the robot models, the motor
operation limit, motor stiffness and damping parameters, de-
sired foot clearance, desired body height, and maximum foot
contact force.

Fig. 11 presents the success rates of three different robots
climbing stairs with varying runs and rises. For the Go1 robot,
we used run values of 0.3 m and 0.6 m, while for ANYmal-C
and Hound, we used 0.6 m and 1.0 m runs to accommodate
their longer trunk sizes. Success rates were measured from
1,000 simulated robots, defined as the percentage reaching the
last stair within 10 s.

As expected, Hound’s extensive joint operation range en-
abled it to traverse more challenging terrains than the Go1
and ANYmal-C, achieving an 80% success rate on 42 cm-
high stairs. Notably, the robots were only trained on obstacles

7https://youtu.be/lESpqB5LTnI
8https://youtu.be/x3RSJRUr7ro

(a)

50 cm

(b)

(c)

(d)

(e)

1 2 3 4 5

1 2 3 4 5

1 2 3 4 5

1 2 3 4 5

Fig. 12. We trained DreamWaQ++ for (a) Unitree Go1, (b) ANYmal-C,
and (c) Hound to climb obstacles with a height of 0.6 m, 1.0 m, 1.5 m,
respectively. (d) A real world experiment was conducted using a Go1 robot
with a 2.5 kg payload on top of it.

up to 27 cm in height, underscoring the strong adaptability
of DreamWaQ++. The controller’s exploratory training maxi-
mizes hardware capability, with reward functions invariant to
hardware differences.

This evaluation highlights DreamWaQ++’s versatility across
various legged robots. Despite the sensitivity of deep RL
algorithms to reward parameters, DreamWaQ++ demonstrated
easy adaptability to different platforms without additional
tuning.

G. Overcoming Large Obstacles9

Recently, there has been increasing interest in training
quadrupedal robots for complex tasks such as jumping and
leaping [38], [61]. These skills require robots to maximize
actuator limits and perform highly agile motions. We further
assessed the scalability of DreamWaQ++ for overcoming
obstacles higher than the robot itself. We trained the Go1,
ANYmal-C, and Hound robots in environments with extreme
obstacle heights up to 0.6 m, 1.0 m, and 1.5 m, respectively.
To enable learning of this agile skill, we made two modifica-
tions: (1) reducing the velocity tracking reward scale from 1.0
to 0.1, and (2) increasing the versatility gain scaling in the loss
function from 0.1 to 0.2. Snapshots of the learned obstacle-
climbing motions in simulation and real-world scenarios are
shown in Fig. 12.

These modifications were complementary; without scaling
up the versatility gain, reducing the velocity tracking reward
alone led to a policy that resisted forward movement, while
increasing versatility gain alone resulted in a conservative gait
lacking skill discovery. Together, these adjustments allowed
the policy to learn flexible gaits, yielding the agility required
for complex tasks such as parkour.

Results in Fig. 12 illustrate how controllers on different
robots produce distinct motions for overcoming large obsta-
cles. In Fig. 12(a), Go1 uses a jumping motion due to its small

9https://youtu.be/pwwwmnd3Xnc

https://youtu.be/lESpqB5LTnI
https://youtu.be/x3RSJRUr7ro
https://youtu.be/pwwwmnd3Xnc
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size. In contrast, ANYmal-C initially contacts the obstacle wall
with its front legs (Fig. 12(b-2)), then uses them as anchors to
climb (Fig. 12(b-3)). ANYmal-C’s large joint range and torque
limits enable it to climb obstacles up to 1.5 m. Hound swings
its right front leg widely to anchor on top, then propels itself
upward with the rear legs (Fig. 12(c-4)).

In a real-world experiment shown in Fig. 12(d), we validated
the sim-to-real robustness of the controller. A Go1 robot with
an additional 2.5 kg payload successfully climbed a 41 cm
obstacle, a soft sofa block representing a deformable surface
not encountered in training.

In Fig. 12(e), the robot was placed on a 50 cm stage,
preventing simple terrain probing. Upon command, the robot
leaped forward, avoiding rear leg collisions with the stage
edges. This leap was facilitated by the velocity tracking
relaxation, allowing the robot to pause at the edge (Fig. 12(e-
2)) before initiating the leap. The robot kicks forward with
its front legs, propels with the rear legs (Fig. 12(e-3)), and
folds the rear legs to avoid collision (Fig. 12(e-4)). This
demonstrates the versatility of the learned controller, serving
as a prior adaptable to complex tasks.

VI. ABLATION STUDY

A. Quantitative Analysis on Policy Performance

We evaluated the effectiveness of various multi-modal en-
coding strategies for learning a context representation that
captures the dynamics of a quadrupedal robot. This ablation
study examines the impact of various encoding methods on
both policy performance and training dynamics. We trained
several variants of the multi-modal context encoder, each using
a different strategy as follows:
• No memory. This variant does not use any memory

structure; the encoder processes only the current propri-
oceptive and exteroceptive measurements.

• Implicit memory. This variant employs an LSTM to im-
plicitly encode the history of proprioceptive and extero-
ceptive inputs without explicitly storing past information.

• No latent fusion. In this variant, proprioceptive and
exteroceptive features are simply concatenated, with no
dedicated fusion mechanism—treating them as separate
input modalities.

• DreamWaQ++ w/o contrastive loss. This variant trains
DreamWaQ++ without the contrastive loss which is used
to align the latent representations of proprioceptive and
exteroceptive features.

• DreamWaQ++ w/o versatility gain. This variant trains
DreamWaQ++ without the versatility gain which encour-
ages the policy to explore a wider range of actions and
behaviors.

We evaluated all variants in a simulated environment using
1,000 robots; each of the robots commanded to walk forward
for 20 s. The evaluations were conducted in three test envi-
ronments:
• Stairs-easy. Continuous stairs with a step height of

10 cm.
• Stairs-hard. Continuous stairs with a step height of

20 cm.
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Fig. 13. Embedding visualization of the multi-modal context encoded by the
proposed context encoder in different environments using PacMAP [58]. The
highly disentangled multi-modal context serves as an informative prior for
informing about the environment to the policy.

• Discrete. Discrete obstacle terrain with obstacle heights
ranging from 5 cm to 25 cm.

For each variant, we report the average success rate, the av-
erage distance traveled, and the total number of calf collisions
across the test environments. The results are summarized in
Table IV.

The results presented in Table IV validate that
DreamWaQ++ consistently outperforms all other variants
across all test environments and evaluation metrics. Notably,
we observed that the latent fusion mechanism plays a critical
role: the variant without latent fusion exhibited the lowest
success rates and shortest traveled distances despite not
having the highest number of calf collisions. This suggests
that latent fusion is crucial for maintaining robustness and
stability, especially in situations where proprioceptive and
exteroceptive inputs are inconsistent.

We also observed that the memory plays a significant role in
collision avoidance. The variant without any memory structure
resulted in the highest number of calf collisions across all
environments. While the implicit memory variant performed
worse than DreamWaQ++, it still achieved a reasonable level
of performance, suggesting that even approximate temporal
encoding can help improve safety.

Furthermore, in terms of regularization, the ablation study
highlights the importance of both the contrastive loss and the
versatility gain in DreamWaQ++. Removing the contrastive
loss led to modest declines in all metrics, underscoring its
value in aligning the latent spaces of proprioceptive and
exteroceptive inputs, thereby improving policy learning. In
contrast, removing the versatility gain resulted in more sub-
stantial performance degradation. This component encourages
the policy to explore a broader range of behaviors. Without it,
the policy tends to converge to a narrower action distribution,
reducing adaptability and robustness in diverse terrains.

B. Embedding Analysis

The visualized embeddings in Fig. 13 reveal a distinctive
ellipsoidal pattern in the proprioceptive context zpt , attributed
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TABLE IV
ABLATION STUDY ON THE IMPACT OF DIFFERENT ARCHITECTURES AND REGULARIZATION LOSSES ON THE POLICY PERFORMANCE. THE BEST, SECOND

BEST, AND WORST PERFORMING METHODS FOR EACH TEST ENVIRONMENT AND METRIC ARE HIGHLIGHTED ACCORDINGLY.

Method Success rates [%] ↑ Traveled distance [m] ↑ Calf collisions ↓
Stairs-easy Stairs-hard Discrete Stairs-easy Stairs-hard Discrete Stairs-easy Stairs-hard Discrete

Architecture
No memory 98.7 85.1 99.6 8.4± 1.2 5.8± 3.5 11.5± 0.9 30.1± 0.8 35.2± 10.2 27.4± 20.1
Implicit memory 99.1 92.5 99.5 9.1± 0.7 8.8± 1.3 9.8± 0.5 24.1± 5.1 37.8± 4.3 15.9± 2.7
No latent fusion 90.2 60.7 94.3 6.5± 1.3 3.4± 3.1 9.3± 0.8 22.3± 2.1 25.3± 2.3 13.5± 2.6

Regularization
w/o contrastive loss 98.4 93.1 99.2 9.8± 0.5 8.9± 1.4 12.2± 0.4 12.3± 1.8 23.7± 0.7 8.4± 0.9
w/o versatility gain 98.2 89.4 99.3 9.7± 0.3 8.8± 1.5 12.4± 0.5 15.2± 0.5 31.5± 1.1 11.3± 1.4

DreamWaQ++ 99.5 97.8 99.8 10.3± 0.8 9.5± 1.2 12.5± 0.1 10.5± 0.4 18.3± 2.5 5.8± 0.2

to the dynamic motion of the robot’s feet, as zpt integrates
various proprioceptive measurements. Notably, the ellipsoid’s
size diminishes on more challenging terrains, likely reflecting
the robot’s foot swing period. The controller adjusts by or-
chestrating quicker foot swings over difficult terrains, ensuring
frequent ground contact to enhance locomotion stability.

In contrast, the exteroceptive context zet displays clearer
inter-class separation among environments compared to zpt .
However, similarities among some embeddings likely result
from simplified exteroceptive input, primarily 3D voxels ahead
of the robot. The exteroceptive encoder effectively captures
relevant geometric features, filtering out unnecessary details
from raw 3D points.

For the multi-modal context zpet , which fuses proprioceptive
and exteroceptive inputs, Fig. 13 displays distinct clusters
based on terrain difficulty. Embeddings from flat, easy
stairs, and irregular terrains are partially clustered
near the origin due to similarities in obstacle height, despite
differences in obstacle placement and density. However, sig-
nificant disentanglement is evident within the easy stairs
and irregular terrain clusters, facilitated by proprioceptive
information capturing terrain properties under the robot.

Simultaneously, the circular pattern from zpt persists in
zpet , aiding in the correction of unreliable exteroceptive data.
This feature contributes to the clear separation between easy
stairs and irregular terrains, underscoring exterocep-
tion’s auxiliary role in adapting the robot’s gait to avoid
upcoming obstacles.

C. Latent Modulation for Gait Control

Fig. 14 illustrates the distribution of each latent feature as
the robot traversed irregular terrains. Embedding indices from
1 to 32 correspond to zpt , and indices from 33 to 64 corre-
spond to zet . While zpt features display a uniform distribution,
zet contains four embeddings with distinct scaling differences
compared to other exteroceptive features. This finding raises
the question: Do these four exteroceptive embedding features
correlate with the robot’s foot swing motion?

To address this question, we conducted an experiment by
modulating these four zet features. The results in Fig. 14(b)
indicate a clear trend: scaling up the latent feature decreases
gait frequency while increasing gait height, and vice versa.
The resulting gait pattern resembles that used in stair-climbing
scenarios, suggesting that the multi-modal context encoder

(a)

(b)

(c) (d) (e)

Fig. 14. (a) Boxplots of the multi-modal contexts in an irregular terrain,
showing the distribution of embeddings activation from the multi-modal
context and highlighting the contrast between activations in the exteroceptive
context. Latent modulation on some exteroceptive embedding proportionally
affects the gait height. (b) The robot exhibits different locomotion styles when
particular latent variables (41, 42, 55, and 64th embeddings) were scaled with
(c) 0.1, (d) 1.0, and (e) 3.0 times of its original value.

effectively activates key latent variables that directly influence
gait. A limitation of this approach is that the activated latent
variables may vary across training seeds, as they are learned in
an unsupervised manner with multiple randomizations. How-
ever, upon convergence, these critical latent features reliably
emerge within the latent space.

D. Cross-Modal Feature Correlation

Cross-modal correlations between context vectors are visu-
alized as heatmap plots in Fig. 15, obtained by computing
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Fig. 15. Cross-modal feature correlations between proprioceptive and exte-
roceptive context vectors. The heatmap shows the correlation between the
embedding features, where low correlation indicates substantial mismatches
between proprioceptive and exteroceptive information.

cross-correlations between embedding features. Low cross-
modal correlation on irregular terrains indicates substantial
mismatches between proprioceptive and exteroceptive infor-
mation. Additionally, stronger correlations are observed within
the exteroceptive data due to its direct observability, as op-
posed to proprioception, which can only approximate the
terrain beneath the robot. In contrast, higher cross-modal
correlations on flat terrain result from the similar predictions
of terrain structure provided by both proprioceptive and exte-
roceptive inputs.

Additionally, it can be observed that cross-modal correlation
is higher on high stairs than on low stairs. This is because, on
high stairs, the robot’s feet are more likely to be in contact with
the surface, providing more accurate proprioceptive informa-
tion. In contrast, on low stairs, the robot’s feet are more often
in the air, leading to less accurate proprioceptive feedback.
This discrepancy between proprioceptive and exteroceptive
information results in lower cross-modal correlation on low
stairs compared to high stairs.

E. Locomotion under Exteroception Failure

Fig. 16 shows the emergent behaviors of DreamWaQ++
when climbing stairs. This experiment ablates foot swing adap-
tation by providing the policy with a white noise input. The
robot is commanded to climb the stairs under both conditions.
The red arrows in Fig. 16(a) illustrate the foot swing motion
of the robot when exteroception functions normally, allowing
the robot to adapt its foot swing trajectory to climb two stairs

Fig. 16. Locomotion under exteroception failures. (a) The robot swiftly
adapts its gait when climbing the stairs under normal exteroception condition.
Meanwhile, (b) the robot’s foot collides with the stairs and yield a foot-
trapping reflex when white noise is provided as exteroception input. (c) In
an extreme failure case, the robot adapts to the detached camera by making
contact with the ground using its feet and knees to ensure a stable pose.

at once. In contrast, when the robot receives white noise input,
as in Fig. 16(b), the robot’s foot tends to collide with the stairs.
However, the robot adapts with a foot-trapping reflex, dragging
its foot along the stair’s vertical surface before placing it on
the next step.

Additionally, the experiment in Fig. 16(c) shows the robot
climbing large rocks by swinging its feet extensively, resulting
in strong vibrations. These vibrations eventually caused the
camera to fall, yielding depth point cloud measurements with
significant calibration error. The problem worsens when the
camera becomes completely detached from the robot (see
Fig. 16(c-4)). Under these conditions, the controller no longer
receives new data streams. Interestingly, the robot adapts its
gait to move by making contact with the ground using its
feet and knees (Fig. 16(c-5)). This motion results in a more
stable pose, with the robot adapting additional ground contacts
to handle high-risk locomotion when exteroception becomes
extremely unreliable.

F. Terrain Reconstruction

We decoded the latent features from the context encoder
recorded during the asynchronous stair race experiment to
reconstruct the terrain map, as shown in Fig. 17. The recon-
structed terrain map resembles the ground truth terrain map
constructed with [62].

However, the reconstructed map is less accurate than the
ground truth due to three factors:

1) The robot’s exteroception is limited to front-facing 3D
points, and the encoder’s memory is not long-term.

2) The encoder-decoder structure lacks residual connec-
tions, as in [38], focusing the latent representation on
relevant features.

3) Variational autoencoder regularization in the latent space
prioritizes feature disentanglement over precise recon-
struction.

Nonetheless, this slight reduction in reconstruction accuracy
is acceptable, as the primary goal of the context encoder is
to learn a structured representation for control rather than to
fully reconstruct the terrain map.
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(a) (b)

Fig. 17. (a) An snapshot of the scene during the asynchronous stair race
using DreamWaQ++. (b) The terrain map is reconstructed from the recorded
latent features and the ground truth terrain map is constructed using [62]. The
white points are the forward 3D scan input, while the reconstruction points
surrounding the robots are colored based on the height relative to the robot’s
base.
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Fig. 18. Future state prediction error using different models and varying robot
velocities. The MLP-mixer model used in DreamWaQ++ shows comparable
performance to the Transformer model while being more lightweight and
computationally efficient.

We further evaluated the impact of the backbone sequence
model on the controller’s performance by comparing the
controller’s performance across different sequence models.
Performance was assessed by measuring the accuracy of future
joint position predictions, as shown in Fig. 18.

The results in Fig. 18 show that the proposed MLP-mixer ar-
chitecture performs comparably to the Transformer model. The
MLP-mixer offers the advantage of being more lightweight
and computationally efficient than the Transformer. As indi-
cated by the curve, the prediction error increases with the
robot’s velocity due to the more dynamic nature of the motion,
which requires higher accuracy in future state predictions.

G. State Estimation Accuracy

We evaluate the proprioceptive-based state estimation ac-
curacy of DreamWaQ++ which utilizes an MLP-mixer ar-
chitecture, and compare it with other common approaches
such as fully connected networks [13] and RNN-based ar-
chitectures [12]. Since accurate state estimation is crucial for
constructing the hierarchical exteroceptive memory, we also
evaluate how different state estimation architectures impact
the reconstruction quality for the exteroceptive input.

We conducted a controlled experiment in a simulated stair
environment, where the robot traverses a staircase with step
heights uniformly sampled from the range [0.1, 0.3] m. To
isolate perception performance, the robot was commanded to
move forward at a constant speed of 0.5 m/s. Subsequently,

we measured the absolute reconstruction error across 187
height points in the robot’s surrounding area. The results are
summarized in Table V. All measurements represent the mean
over 5 s of continuous walking using 1,000 simulated robots.

TABLE V
STATE ESTIMATION AND TERRAIN RECONSTRUCTION ACCURACY.

Architecture Estimation error ↓ Reconstruction
vx [m/s] vy [m/s] vz [m/s] error [m] ↓

MLP 0.0571 0.0739 0.0715 0.1978
RNN 0.0497 0.0613 0.0514 0.1253
MLP-mixer 0.0363 0.0331 0.0385 0.0674

The results indicate that the MLP-mixer architecture out-
performs both the fully connected MLP and RNN-based
architectures in terms of state estimation accuracy, achiev-
ing the lowest error across all velocity components. This
superior performance is attributed to the MLP-mixer’s ability
to effectively capture temporal dependencies and interactions
among different proprioceptive modalities, resulting in a more
accurate representation of the robot’s state. Furthermore, the
improved state estimation contributes to a more precise recon-
struction of the surrounding terrain, as shown by the lowest
reconstruction error among the evaluated architectures.

VII. CONCLUSION

We have proposed DreamWaQ++, a resilient yet lightweight
obstacle-aware locomotion controller that enhances the re-
silience of its precursor, DreamWaQ [13]. DreamWaQ++
reduces the need for expensive onboard computation and
increases versatility by incorporating 3D point cloud data as an
exteroceptive modality. Our experiments demonstrate that the
proposed controller exhibits enhanced explainability, opening
possibilities for integration with model-based counterparts or
higher-level planning modules to enable greater autonomy.
A promising avenue for future work involves integrating
an active tilting mechanism into the camera mount using
an additional servo motor. By simultaneously learning both
locomotion and camera tilting, this approach could yield a
controller that actively maximizes its observability, resembling
the active sensing behavior of animals.
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