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Dynamic locomotion of legged robots is a critical yet challenging topic in expanding the operational range of
mobile robots. It requires precise planning when possible footholds are sparse, robustness against uncertainties
and disturbances, and generalizability across diverse terrains. While traditional model-based controllers excel
at planning on complex terrains, they struggle with real-world uncertainties. Learning-based controllers offer
robustness to such uncertainties but often lack precision on terrains with sparse steppable areas. Hybrid methods
achieve enhanced robustness on sparse terrains by combining both methods but are computationally demanding
and constrained by the inherent limitations of model-based planners. To achieve generalized legged locomotion on
diverse terrains while preserving the robustness of learning-based controllers, this paper proposes to learn an
attention-based map encoding conditioned on robot proprioception, which is trained as part of the end-to-end
controller using reinforcement learning. We show that the network learns to focus on steppable areas for future
footholds when the robot dynamically navigates diverse and challenging terrains. We synthesize behaviors that
exhibit robustness against uncertainties while enabling precise and agile traversal of sparse terrains. Additionally,
our method offers a way to interpret the topographical perception of a neural network. We have trained two
controllers for a 12-DoF quadrupedal robot and a 23-DoF humanoid robot respectively and tested the resulting
controllers in the real world under various challenging indoor and outdoor scenarios, including ones unseen

during training.

INTRODUCTION

Humans and legged animals inhabit almost every corner of our planet,
adept at traversing various terrains in the wild. Similarly, legged robots
hold vast potential for navigating complex natural landscapes that are
typically inaccessible to other wheeled or tracked mobile robots. Yet,
navigating challenging terrains demands 1) precise planning when
possible footholds are sparse (e.g., on construction debris [1]), and
2) robustness in the presence of uncertainties and disturbances [2, 3].
Furthermore, the locomotion controller 3) must be able to generalize
across diverse terrains.

Toward this goal, various methods have been explored, includ-
ing learning-based ones such as deep reinforcement learning (DRL),
model-based ones such as model predictive control (MPC), and hybrid
approaches that combine both. However, achieving generalized legged
locomotion across diverse terrains with both precision and robustness
remains an open problem. In this paper, we offer an attention-based
learning framework to train robust and generalized controllers that can
precisely navigate on various terrains.

DRL has emerged as a powerful tool for enabling robust and agile
legged locomotion on challenging terrains. By training an actuator
model through supervised learning and appropriately randomizing the
training environment, Hwangbo et al. [4] successfully transferred the
dynamic motions learned through trial and error in simulation to the
real world. Lee et al. [2] and Siekmann et al. [S] developed robust

learning-based controllers for blind traversal of rough terrains and stairs
by quadrupedal and bipedal robots, respectively. Regarding perceptive
locomotion, Rudin et al. [6] trained end-to-end controllers on uneven
terrains by massively parallel DRL. Miki et al. [3] further advanced
robust perceptive quadrupedal locomotion in the wild by learning to
filter out unreliable perception using a history of proprioceptive data.
Additionally, DRL approaches have enabled legged robots to perform
dynamic parkour maneuvers across various structured terrains [7-12].
However, these approaches struggle on sparse terrains because it is
hard for the DRL algorithm to discover valid footholds and learn from
them. To tackle this problem, recent DRL-based work has achieved
locomotion on sparse terrains through curriculum tuning to guide the
training process with human intuition [13], but it only overfits a small
range of terrains with a single multilayer perceptron (MLP) policy
network and cannot generalize. Another work enables a bipedal robot
to walk on fake stepping stones (QR-code tags on the flat ground)
through MLP-based foothold feasibility prediction [14] but has not
yet demonstrated locomotion on real terrains or generalization across
various terrains.

Alternative to RL, model-based methods have been explored for
decades to produce versatile movements and smooth trajectories that
adhere to the kinematic and dynamic constraints of the robot. Some
work [15, 16] have enabled stable locomotion on rough terrains such as
stairs, steps, inclines, etc. To achieve agility on uneven terrains or with
various payloads, more adaptable frameworks such as MPC are used
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for locomotion tasks [17-21] by solving optimal control problems over
a long horizon. More recent endeavors have demonstrated stronger
traversal performance on the real robot, achieving real-time versatile
legged locomotion on uneven and sparse terrains by predicting accu-
rate footholds [22-24]. Despite this progress, model-based controllers
remain susceptible to various assumptions introduced during the mod-
eling process, such as perfect state estimation, perfect and complete
map information, and simplified dynamic and kinematic models, which
may lead to degraded performance under model-mismatch, drifted state
estimation, and imprecise motor actuation, etc.

To combine the advantages of both model- and learning-based con-
trollers, hybrid methods have been proposed. Kwon et al. [25] propose
to train a dynamic model for model-based controllers. Some works [26—
28] warm-start non-linear solvers from learned initialization to speed
up convergence. Other works utilize DRL to generate footholds that are
then tracked by model-based controllers [29, 30]. These approaches
leverage learning to improve or bootstrap MPC while still running an
MPC as the main controller and hence remain fragile to the uncertainty
faced in real-world deployments. In contrast, to combine generaliza-
tion capability and precise footholds predictions from a model-based
planner and the robustness from a learning-based controller, DTC [1]
trains a DRL controller to track the reference state trajectories gener-
ated by model-based optimization [24], effectively overcoming model
mismatch, slippage, and deformable terrains. Nonetheless, compared
to end-to-end approaches, which directly map observations to actions,
these hybrid controllers suffer from the complexity of the hierarchi-
cal structure. For example, during training, DTC requires running
the model-based planner on a CPU and the training pipeline on a
GPU and takes 14 days of training for full convergence. Furthermore,
DTC requires running the MPC controller during deployment, which
is computationally demanding and relies on the performance of the
model-based planner - the height map is fed into the model-based
controller, which might generate infeasible guidance under degraded
perception.

In summary, an end-to-end learning-based approach that can
achieve precise, robust, and generalized locomotion on sparse ter-
rains is missing. Additionally, despite all the advancements in legged
locomotion under different task specifications, no approach has yet
demonstrated the successful sim-to-real transfer of perceptive con-
trollers to achieve dynamic locomotion on sparse terrains for both
quadrupedal and bipedal robots.

In this paper, we propose to train an attention-based map encoding
for generalized legged locomotion, which consists of two levels: 1)
a convolutional neural network (CNN) that embeds point-wise local
terrain features in a robot-centric height map sampled from elevation
mapping [31], and 2) a multi-head attention (MHA) [32] module that
queries point-wise map features and combines them with propriocep-
tive observations. MHA is a neural representation mechanism utilized
in transformers [32], a deep learning architecture that enables highly
effective handling of sequential and multi-modal information. Recent
works on legged locomotion learning have also introduced the trans-
former architecture to embed multi-modal observations [33] or capture
time-sequential features [34], achieving locomotion on unstructured
terrains such as grasslands, slopes, and flat ground. Instead of using
a complete transformer model, we investigate how MHA can enable
generalized legged locomotion across diverse terrains by focusing on
the areas that matter most. In our framework, a low-level CNN learns
effective extraction of local features for various terrains, and the MHA
module selects useful terrain points based on the attention conditioned
on proprioception, leading to a compact and generalizable representa-
tion of high-dimensional observations. We observe that the selected
points indicate the future footholds without any supervised learning.

To effectively synthesize our locomotion policies, we design a two-

stage training pipeline. In the first stage, we train the controller on
base terrains (defined in the supplementary methods, section "Training
Details - Terrains") with perfect perception. This stage is crucial for
initializing the map encoding learning and leads to basic locomotion
skills under ideal conditions. In the second stage, we introduce more
challenging terrains (defined in the supplementary methods, section
"Training Details - Terrains") with perception noise and drift to enhance
the generalization to real-world conditions.

We demonstrate that our proposed end-to-end control framework
has resulted in substantial advancements over the state-of-the-art
(SOTA) in 1) precise and generalized dynamic locomotion on a broad
range of terrains [1] while achieving 2) robustness against uncertainties
and model mismatch, and producing 3) an interpretable representation
of map scans that can be graphically visualized, with 4) the same frame-
work being applicable to both a quadrupedal robot ANYmal-D [35]
and a humanoid robot Fourier GR-1 [36], as shown in Figure 1.

RESULTS

A. Precise and Generalized Locomotion

We tested our learned policies on both the GR-1 and ANYmal-D
robots in simulation (Figure 2) and extensive real-world experiments
(Figure 1 and Figure 3) across a diverse range of terrains, including
ones never encountered during the training phase. Figure 2 A illustrates
the controller’s performance on GR-1, trained from scratch during stage
1, where it exhibited precise foot placements across various terrain
types, such as grid stones, pallets, beams, and gaps. Despite being
exclusively trained on base terrain types partially shown in Figure 2 A,
the controller demonstrated its ability to generalize to unseen terrains,
including pentagon stones, single-column stones, narrow pallets, and
consecutive gaps, shown in Figure 2 B. This highlights our controller’s
capability to transfer the learned behaviors to new terrains out of the
training distribution.

A similar pattern of generalization was observed in the ANYmal-D
controller. The controller was able to adapt and perform effectively on
unseen terrains, as shown in Figure 2 D, despite being trained only on
base terrains shown in Figure 2 E (Note that the kinematics of ANYmal-
D differs from GR-1, requiring adjustments in the terrain selection
during training. More terrain details can be found in the supplementary
methods, section "Training Details - Terrains")). This demonstrates
the adaptability of our approach to managing different embodiments
with varying kinodynamics, enabling generalization capabilities despite
hardware variations.

To further enhance the policies’ precision on a wider range of ter-
rains and robustness and in real-world experiments, we fine-tuned
them in stage 2 by incorporating additional terrain types and introduc-
ing disturbances and uncertainties. This fine-tuning process improved
the controller’s ability to navigate more complex and unpredictable
environments, reinforcing its stability and adaptability under real-world
conditions. We demonstrate the resulting controllers in Figure 2 C,
where both GR-1 and ANYmal-D achieve a 100% success rate in
traversing a challenging obstacle parkour (with disturbances and uncer-
tainties) designed by Grandia et al. [23] that had not been encountered
during training. Notably, we are the first to enable dynamic humanoid
locomotion across such mixed sparse terrains with an online controller.
The same controllers also achieve high robustness in real-world deploy-
ments, demonstrated in Figure 1 and Figure 3, unifying the properties
of SOTA model-based and learning-based approaches.

We deployed the fine-tuned policies for both ANYmal-D and GR-1
zero-shot on the real hardware. To validate the controller’s precision
and robustness, we tested on various sparse terrains, including gaps,
stepping stones, and beams, as depicted in Figure 3. Our results repre-
sent advances in robotic locomotion, demonstrating that our end-to-end
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Fig. 1. Learning interpretable, generalizable, agile, and robust legged locomotion on diverse terrain®©ur end-to-end controllers enabled
ANYmal-D (a - i) and GR-1 (j - 0) to dynamically traverse diverse challenging terrains. Highly interpretable point-wise map encodings are
graphically visualized in k, m, and o, where colors more intense in red represent higher attention weights, indicating the next foothold.
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