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FR-Net: Learning Robust Quadrupedal Fall Recovery on Challenging

Terrains through Mass-Contact Prediction

Yidan Lu∗, Yinzhao Dong∗, Jiahui Zhang, Ji Ma, Peng Lu†

Abstract—Fall recovery for legged robots remains challenging,
particularly on complex terrains where traditional controllers fail
due to incomplete terrain perception and uncertain interactions.
We present FR-Net, a learning-based framework that enables
quadrupedal robots to recover from arbitrary fall poses across
diverse environments. Central to our approach is a Mass-Contact
Predictor network that estimates the robot’s mass distribution
and contact states from limited sensory inputs, facilitating effec-
tive recovery strategies. Our carefully designed reward functions
ensure safe recovery even on steep stairs without dangerous
rolling motions common to existing methods. Trained entirely
in simulation using privileged learning, our framework guides
policy learning without requiring explicit terrain data during
deployment. We demonstrate the generalization capabilities of
FR-Net across different quadrupedal platforms in simulation
and validate its performance through extensive real-world exper-
iments on the Go2 robot in 10 challenging scenarios. Our results
indicate that explicit mass-contact prediction is key to robust
fall recovery, offering a promising direction for generalizable
quadrupedal skills.

Index Terms—Reinforcement learning, legged robots, failure
detection and recovery.

I. INTRODUCTION

THE diversity and unpredictability of complex terrains,
such as steep slopes, cantilever beams, and gaps, pose

significant challenges to the locomotion of legged robots [1]–
[6]. These environments can cause falls due to intricate and
uneven surfaces that alter balance and stability. Therefore,
the ability of a robot to autonomously recover from falls is
of paramount practical significance. It not only enhances the
efficiency of task completion by reducing downtime but also
ensures the safety of the robot by preventing further slips or
tumbles that could lead to damage. In mission-critical appli-
cations such as search and rescue or exploration in hazardous
environments, the capability to recover autonomously from
falls becomes even more crucial. This ability allows robots
to continue their tasks without human intervention, saving
valuable time and resources. In dangerous areas, this capability
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Fig. 1: Go2 quadrupedal robot recovering from prone positions across various
terrains: (a) Grass field, (b) Small stones, (c) Simple stairs, (d) Messy floor,
(e) Uneven terrain, (f) Foam cushion, (g) Discrete obstacles, (h) Air beams,
(i) Solid gaps, (j) Risky gaps, and (k) Stiff stairs. Columns show recovery
phases over time.

can prevent further accidents, thereby safeguarding both the
robot and the mission success [7]–[9]. The challenges are
further complicated by the diverse nature of fall scenarios,
from simple tumbles to complex situations involving multiple
contact points, each requiring different recovery strategies.

Current methodologies addressing autonomous fall recovery
can be broadly categorized into model-based and learning-
based approaches. Currently, model-based approaches pre-
dominantly rely on simplified models and predefined contact
points, rendering them ineffective in managing non-smooth
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dynamic contact scenarios [10], [11]. This limitation restricts
the ability of robots to recover autonomously from falls in
complex terrains. In contrast, learning-based methods, partic-
ularly those employing deep reinforcement learning (DRL),
have demonstrated strong performance in recovery tasks on
flat or moderately uneven terrains. However, these approaches
still exhibit shortcomings in developing effective recovery
strategies for highly irregular and unpredictable terrains [12]–
[14]. These developments underscore the potential of DRL-
based approaches to overcome the inherent limitations of
traditional model-based methods, offering more flexible and
resilient solutions for autonomous fall recovery in a wide array
of unpredictable and complex environments.

In this paper, we propose Fall Recovery Network (FR-
Net), a learning-based framework that integrates a mass-
contact predictor network with meticulously designed reward
functions. FR-Net aims to enhance the fall recovery capabil-
ities of quadrupedal robots in challenging terrains. The key
contributions of this work are threefold:

• A novel Mass-Contact Predictor network architecture that
effectively estimates robot state from limited sensory in-
puts, enabling robust recovery strategy generation across
diverse terrains.

• A carefully designed reward function that, combined with
our framework, ensures safe recovery motions even on
steep terrains without dangerous rolling behaviors that
plague existing approaches.

• Comprehensive validation of our framework’s generaliza-
tion capabilities through cross-platform testing in simu-
lation (Go2, Spot, Lite3, et al.) and extensive real-world
experiments on the Go2 robot, demonstrating superior
recovery performance across challenging scenarios.

II. RELATED WORK

A. Model-Based Fall Recovery for Quadruped Robots

Model-based methods rely on dynamic models and control
algorithms to design recovery strategies. For instance, Yang et
al. [15] proposed a fall prediction model to identify potential
falls during locomotion, allowing for proactive recovery ac-
tions. Khorram et al. [10] developed balance recovery strate-
gies using simplified models of bipedal robots. While these
approaches can be effective in controlled settings, they often
depend on simplified models and predefined contact points,
limiting their adaptability to complex and unpredictable ter-
rains. Additionally, traditional optimal control algorithms may
struggle with non-smooth dynamics and unexpected contact
scenarios that occur during falls.

B. Learning-Based Fall Recovery for Legged Robots

Learning-based methods, particularly those utilizing deep
reinforcement learning (DRL), have shown promise in han-
dling the complexities of fall recovery without explicit mod-
eling of collision dynamics [13], [16], [17], [18]. Hwangbo
et al. [7] demonstrated that DRL can be used to learn dy-
namic motor skills for quadrupedal robots, including recovery
maneuvers on flat terrains. Lee et al. [12] further developed

robust recovery controllers for quadrupedal robots using deep
reinforcement learning, enabling effective getting-up behav-
iors from arbitrary fallen configurations. Smith et al. [19]
developed a recovery controller serving as a reset mechanism
for locomotion policies, but it remains primarily effective
on flat surfaces. Nahrendra et al. [14] proposed DreamRiser,
a robust all-terrain recovery motion control framework for
quadrupedal robots that leverages learned terrain imagination.
More recent efforts, such as the DribbleBot system [20],
showcased recovery capabilities on various outdoor surfaces
like sand and gravel. Ma et al. [21] proposed an arm-assisted
framework for fall damage reduction and recovery in legged
mobile manipulators. Scalise et al. [22] developed a Student-
Teacher RL approach for quadruped self-righting on flat,
rough, and inclined surfaces.

While multi-sensor systems incorporating cameras and Li-
DARs can enhance environmental awareness [23], [24], they
require additional hardware that may be vulnerable during
falls. Alternative approaches focus on leveraging propriocep-
tive information and interaction forces to estimate terrain
properties [25], but they often struggle to accurately perceive
and interpret complex environmental features. Despite these
advancements, a significant gap remains in developing robust
recovery strategies for highly challenging terrains, such as
steep stairs, cantilever beams, and gaps. Existing methods
may not adequately handle the diverse physical properties
and complex geometries encountered in these scenarios, high-
lighting the need for approaches that can adapt to a wide
range of environmental conditions while maintaining reliable
perception capabilities.

III. QUADRUPEDAL FALL RECOVERY CONTROLLER

As shown in Fig. 2, we propose FR-Net that enables
quadrupedal robots to perform effective fall recovery in com-
plex scenarios. The FR-Net consists of three sub-networks:
Mass-Contact Predictor Network, Actor Network, and Critic
Network. These components work together to achieve real-
time adaptation to various terrains and robot dynamics. Next,
each part of the controller will be discussed in detail.

A. Asymmetric Actor-Critic Network

Certain privileged information is vital for fall recovery
tasks. For instance, on highly sloped terrains, the position
of the robot’s center of mass relative to its support polygon
is essential for maintaining stability, as even the slightest
deviations can lead to uncontrollable rolling. In discontinuous
gaps, accurate terrain perception is vital for safe foot place-
ment and preventing potential falls into voids. Thus, the fall
recovery problem of the quadrupedal robot can be formulated
as a Partially Observable Markov Decision Process (POMDP)
[26]. Accordingly, our controller adopts the asymmetric actor-
critic structure for terrain-aware robot learning, enabling more
effective exploration under high-dimensional spaces of legged
robots. The actor and critic learn from distinct objectives: the
former aims to maximize expected rewards, while the latter
minimizes the difference between predicted and actual values.
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Fig. 2: Overview of the FR-Net framework. Trained on morphological dogs could be deployed on multiple platforms.

1) Actor network: The actor network πθ(at|pt) is parame-
terized by θ and maps the augmented state pt ∈ R75 to control
actions at ∈ R12, i.e.

pt =
[
ot m̂t ĉt ẑt

]T
(1)

where the proprioceptive observation ot ∈ R42 consists of
body angular velocity ωt ∈ R3, projected gravity vector
gt ∈ R3, joint angles qt ∈ R12, joint velocities q̇t ∈ R12,
and the previous action at−1 ∈ R12, all collected from
onboard sensors. The Mass-Contact Predictor Network outputs
m̂t ∈ R4 representing the predicted mass distribution across
base, hip, thigh and calf, ĉt ∈ R13 indicating the collision
probabilities of body components, and ẑt ∈ R16 encoding a
latent representation.

The action at ∈ R12 represents the desired increment of the
joint angle w.r.t the initial pose q̊, i.e. q∗

t = q̊+ at. The final
desired angle q∗

t is tracked by the torque generated by the
joint-level PD controller of the joint-level actuation module in
the simulator, i.e. τ = kp · (q∗

t − qt) + kd · (−q̇t).
2) Critic network: The critic network Vψ(st), parame-

terized by ψ, estimates the state value function by taking
privileged observation st as input, which is defined as:

st =
[
ot ht mt kPD pcom ct cf µ

]T
(2)

where ot ∈ R42 denotes proprioceptive observation, ht ∈
R187 represents the height map scan dots, mt ∈ R4 contains
the masses of the base, hip, thigh, and calf, kPD ∈ R24 stores
the Proportional-Derivative (PD) control gains, pcom ∈ R2

represents the center of body mass, ct ∈ R13 indicates contact
states of each component, cf ∈ R4 denotes contact forces of
each foot, and µ ∈ R1 is the friction coefficient.

B. Mass-Contact Predictor Network

Beyond privileged information, explicit terrain perception is
crucial for legged locomotion. While conventional controllers
rely on dedicated sensors like cameras [6] or LiDAR [27],
Cheng et al. [28] utilized the possibility of inferring terrain
information through contact interactions. Additionally, Luo et
al. [3] demonstrated that real-time mass distribution estimation
can enhance controller adaptability across robots with different

morphologies. Inspired by these works, we propose a Mass-
Contact Predictor Network (MCP) which leverages propri-
oceptive information to understand the surrounding terrain
while simultaneously estimating the mass distribution across
different robot components.

1) Predictor Network: The MCP consists of an Encoder
and a Decoder. The Encoder Eϕ(oHt ), parameterized by ϕ,
processes H consecutive observation frames to estimate the
robot’s mass distribution, the contact probabilities of its body
components, and to extract temporal features:[

m̂t ĉt ẑt
]T

= Eϕ(o
H
t ) (3)

where oHt =
[
ot−H+1 . . .ot−1 ot

]T
is a temporal observa-

tion sequence with H = 5 frames in this task. The Decoder
Dθ utilizes the compressed representations from the encoder
to predict the subsequent observation. Specifically, it use the
estimated masses m̂t, estimated collision probabilities ĉt, and
the latent vector ẑt to generate the predicted next frame
observation ôt+1:

ôt+1 = Dθ(m̂t, ĉt, ẑt) (4)

Here, ôt+1 ∈ R42 is the predicted observation at time t + 1,
and ot+1 ∈ R42 represents the ground truth observation.

2) Loss Function: The training objective comprises mul-
tiple loss terms that ensure the accuracy of the estimations
and the meaningfulness of the latent representations. The total
loss Lφ is partitioned into Estimation Loss and Variational
Autoencoder (VAE) Loss.

Lφ = Lestφ + LV AEφ (5)

The Estimation Loss Lestφ includes mass estimation loss
and collision estimation loss. A regression loss minimizes
the discrepancy between the estimated masses and the ground
truth. A Binary Cross-Entropy (BCE) loss reduces the differ-
ence between the actual contact information and the estimated
collision state:

Lestφ = λm MSE(m̂t,m)

+ λc (ct log ĉt + (1− ct) log(1− ĉt))
(6)
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where λm and λc are hyperparameters that balance the con-
tributions of the respective loss terms.

The VAE framework introduces two additional loss terms:
Reconstruction Loss, which measures the accuracy of the
predicted observations, and Kullback-Leibler (KL) Divergence
Loss, which regularizes the latent space distribution to follow
a standard normal distribution.

LVAE = λrec MSE(ôt+1,ot+1)

+ λKL DKL(q(zt|oHt ) ∥ p(zt))
(7)

where q(zt|oHt ) represents the posterior distribution of zt
given oHt , and p(zt) is the prior distribution, parameterized
by a Gaussian distribution. A standard normal distribution
is used for the prior distribution, and all observations are
normalized to have zero mean and unit variance. λrec and λKL
are hyperparameters that balance the respective loss terms.

C. Reward Function Design

The reward functions are designed to encourage robots to
learn to stand in extremely complex terrain while maintaining
safety, which are structured into four main categories as shown
in Table I. Next, the impact of each category on fall recovery
will be discussed in detail.

Fig. 3: Upright Orientation Reward function and corresponding robot pose.
The reward is computed as exp(− (gz+1)2

2σ2 ), reaching its maximum at the
upright position (gz ≈ −0.98).

1) Orientation Posture: This category integrates multiple
orientation-related rewards to maintain a stable posture and
guide upright recovery behavior. The base orientation com-
ponent (g2

xy) promotes stable body posture by penalizing
excessive tilt from the horizontal plane, which is crucial for
maintaining balance during the recovery process. The upright
orientation reward, implemented through a Gaussian-based
function exp(− (gz+1)2

2σ2 ), facilitates recovery behavior by cre-
ating a gradient that approaches zero when the robot’s ventral
surface faces upward (gz ≈ 0.98), and reaches maximum when
the robot is upright (gz ≈ −0.98), as shown by the blue curve
in Fig. 3. Additionally, when the robot achieves near-upright
orientation (defined by threshold ϵ), a postural convergence
term exp(−|q−qstand|2) encourages convergence to a prede-
termined reference posture. These components are combined
with appropriate weights:

Rorientation = ω1g
2
xy + ω2 exp(−

(gz + 1)2

2ϵ2
)

+ω3 exp(−(q − qstand)
2) · 1{|gz + 1| < ϵ}

(8)

where ω1, ω2, and ω3 are weighting coefficients that balance
the influence of each component in the overall orientation
control strategy.

2) Contact Management: The contact management compo-
nent focuses on maintaining appropriate contact states between
the robot and the environment through two key mechanisms.
The feet contact term

∑4
i=1 1contacti introduces a discrete re-

ward that sums the binary ground contact indicators across all
four feet, promoting stable recovery through appropriate foot
placement. The body contact term 1contact discourages any
undesired contact between the robot’s body (excluding feet)
and the environment, helping prevent potentially dangerous
collisions or unstable configurations. These components are
combined as:

Rcontact = ω4 ·
4∑
i=1

1contacti + ω5 · 1contact (9)

where ω4 and ω5 are weighting factors that balance the
importance of maintaining proper foot contact while avoiding
unwanted body contact.

3) Stability Reward: The stability control terms ensure
safe and controlled recovery behavior through force regulation
and position maintenance. Similar to stability mechanisms in
[22], we incorporate terms to promote recovery on complex
terrains. The safety force regulation term

∑4
i=1 ||f

xy
i ||2 penal-

izes horizontal forces at knee contacts, where fxyi represents
the horizontal components of contact forces at the i-th knee
joint. This helps improve recovery behavior on stairs and
slopes, where horizontal forces against vertical surfaces can
generate adverse rolling moments. The body position bias is
implemented through a clipped Euclidean distance reward:

Rstability =ω6 ·
4∑
i=1

||fxyi ||2

+ ω7 · clip(||pxycurrent − pxyinit||2, 0, 4)
(10)

where pxycurrent and pxyinit represent the current and initial
horizontal positions of the robot’s main body, and ω6, ω7

are the corresponding weights. The force regulation prevents
unsafe interactions with the environment, while the body-
bias penalty mechanism discourages undesired displacement
during recovery attempts. Unlike [22], our method explicitly
considers additional constraints to adapt to steeper stairs
and discontinuous gaps, ensuring recovery behavior remains
consistent under extreme conditions.

Fig. 4: Unstable vertical contact
case: Elbow contact with vertical
surfaces generates high fxy forces,
causing significant pitch instability
and upward CoM trajectory that can
lead to falling from elevated plat-
forms.

Fig. 5: Stable horizontal contact
case: Elbow contact with horizon-
tal surfaces produces primarily fz
forces, enabling controlled sideways
rolling with stable CoM trajectory
and minimal positional displacement.

As illustrated in Equation 10, the fxy penalty component of
Rstability directly addresses critical stability challenges during
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recovery. When the robot’s elbow contacts a vertical surface
(Fig. 4), the resulting horizontal force causes the center of
mass to rise upward while inducing significant pitch variation.
This creates unstable dynamics that can lead to dangerous
rolling, particularly on steep terrain. In contrast, contact with
horizontal surfaces (Fig. 5) enables the robot to maintain a
relatively stable center of mass trajectory while executing con-
trolled sideways rolling motions that facilitate safer recovery.

By penalizing high horizontal contact forces against vertical
surfaces, our stability control reward guides the policy to
1) modulate joint torques when exploring contact points, 2)
prefer contact configurations that maintain COM stability, and
3) reduce excessive pitch variations that lead to uncontrolled
tumbling to some extent.

4) Motion Constraints: This component implements stan-
dard kinematic constraints on the robot’s limb positions, ve-
locities, and accelerations to ensure smooth and stable motion
execution. These basic constraints follow conventional robotics
practice and help prevent excessive joint movements during
recovery.

TABLE I: Reward terms for quadrupedal recovery

Category Reward Equation Weight (wi)

Orientation
Posture

Base Orientation g2
xy -0.5

Upright Orientation exp(− (gz+1)2

2ϵ2
) 6.0

Target Posture exp(−(q − qstand)
2)

if |gz + 1| < ϵ
4.0

Contact
Management

Feet Contact
∑4

i=1 1fcontacti
0.3

Body Contact 1contact -0.2

Stability
Control

Safety Force
∑4

i=1 ||fxy
i ||2 −1.0e-2

Body-bias clip(||pxy
current − pxy

init||2, 0, 4) -0.1

Motion
Constraints

Position Limits
∑12

i=1 1qi>qmax||qi<qmin
-1.0

Angular Velocity Limit max(|q̇| − 0.8, 0) -0.1
Joint Acceleration q̈2 −2.5e-6

Joint Velocity q̇2 −1.0e-2
Action Smoothing (at − at−1)

2 -0.01
Joint Torques τ2 −5.0e-4

The Orientation and Posture terms guide upright recovery
with significant weights on upright orientation and target
posture. Contact Management promotes proper foot placement
while penalizing undesired body contacts. Stability Control
introduces crucial safety measures by regulating contact forces
and limiting positional drift. Motion constraints terms maintain
motion feasibility through position limits, velocity constraints,
and various smoothing penalties. This comprehensive design
enables stable and efficient recovery strategies while ensuring
smooth and natural movements across challenging scenarios.

D. Curriculum Learning

We adopted curriculum learning [29] to facilitate progres-
sive learning of recovery abilities across challenging terrains.
Each terrain type incorporates randomization in obstacle place-
ment, sizes, and gaps to improve robustness and prevent
overfitting. The difficulty of each terrain can be continuously
adjusted by modifying parameters such as obstacle density,
height variations, and gap sizes, as shown in Fig. 6.

Fig. 6: Terrains with 10 different levels.

IV. EXPERIMENTS

A. Implementation details

1) Training: Our controller is trained in NVIDIA Isaac
Gym [30], leveraging its capability for efficient parallel sim-
ulations. We train the policy by PPO [31] with 4,096 parallel
domain-randomized morphology quadrupedal robots. Episodes
begin with a random supine position and terminate after 350
timesteps. The networks are optimized by the Adam [32]. All
the methods above are trained using curriculum learning and
reward functions detailed by Fig. 6 and table I.

Training is conducted on a workstation with an Intel Core
i7-13700K CPU, 32 GB RAM, and an NVIDIA RTX 4070
Ti GPU. To enhance policy robustness, we implement domain
randomization as shown in Table II.

TABLE II: Domain randomization ranges applied in simulation.

Type Parameters Range Units Parameters Range Units

Morphology

Trunk Mass [4.00, 28.00] kg Trunk Length [0.37, 0.65] m
Trunk Width [0.09, 0.30] m Trunk Height [0.11, 0.19] m

Hip Mass [0.30, 0.69] kg Hip Length [0.03, 0.05] m
Thigh Mass [0.60, 4.00] kg Thigh Length [0.21, 0.35] m
Thigh Width [0.02, 0.04] m Thigh Height [0.03, 0.05] m

Calf Mass [0.10, 0.86] kg Calf Length [0.21, 0.35] m
Calf Width [0.016, 0.020] m Calf Height [0.013, 0.019] m

Control
Kp factor [20, 80] N·m/rad Kd factor [0.6, 2.0] N·m·s/rad

Motor strength [0.9, 1.1] N·m COM shift [-0.05, 0.05] m
Payload [-2.0, 2.0] kg Motor Friction [0.2, 1.25] N·m

2) Deploying: To demonstrate our method’s recovery ca-
pacity over challenging terrains and robustness in extremely
high-risk obstacles, we implement our method on the Unitree
Go2 robot. The control policy is deployed on the robot’s
onboard NVIDIA Jetson Orin Nano. Our controller operates
at 50Hz, receiving joint states and IMU data as input. The
deployment process requires minimal adaptation, primarily
involving sensor data preprocessing and action scaling to
match the hardware specifications.

B. Compared Methods

We compare our methods with serval baselines and ablations
as follows.

• FR-Net (Ours): Training with all modules.
• FR-Net w/o Mass: Training without mass distribution

estimation.
• FR-Net w/o Col: Training without collision estimator.
• FR-Net w/o Est: Training without Auto-encoder model.
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Fig. 7: Evaluating the impact of different algorithms on different challenging terrains.

• DreamRiser [14]: The policy is trained concurrently with
an autoencoder estimating the body velocity and a context
vector, without the morphology knowledge.

• RMA [33]: An online adaptation approach with a teacher-
student framework that enables rapid terrain adaptation
through extrinsics prediction.

• Vanilla PPO [31]: Training with only proprioception.
For ablation studies, we fix the random seed to ensure con-
sistent initialization, isolating the impact of different methods.
To ensure statistical reliability during final evaluations, we test
each method with four random seeds and report the mean
success rate alongside the standard deviation.

C. Analysis of the Success Rate

We assess policy robustness across ten difficulty levels, with
increasing complexity in environmental parameters. Each level
deploys 2048 robots with diverse morphologies (e.g., Go2,
Lite3, Spot, Aliengo, and Go1). Success is defined as achiev-
ing a stable upright pose within five seconds, with position
displacement under 1 meter. While all methods perform well
at lower difficulty levels, performance gaps widen significantly
as complexity increases.

Figure 7 illustrates FR-Net’s superior performance across
varying terrains. While all algorithms achieve high success
rates (> 90%) at low difficulty levels (1–3), performance dif-
ferences become evident as difficulty increases. At maximum
difficulty, FR-Net attains the highest success rates on Rough
Terrains (69.5%) and Beams (64.1%), surpassing Vanilla PPO
by 21.8% and 25.3%, respectively. On Stairs and Slopes, FR-
Net achieves ≥ 58% success at level 10, while alternatives
fall below 45%. In more demanding terrains (Discrete Stones,
Gaps, and Beams), FR-Net outperforms DreamRiser by 8–
12% and Vanilla PPO by 13–25%. Ablation studies further
show FR-Net’s robustness: removing state estimation reduces
Beam performance by 12.7%, and omitting mass consideration
lowers Gaps success from 46.8% to 35.5%. These results
confirm FR-Net’s ability to navigate complex environments
effectively.

D. Effects of Stability Reward

We further investigate the effectiveness of our proposed
reward functions with stability control reward. As shown in
Fig. 8, the FR-Net with these rewards demonstrates remarkable
performance on challenging terrains. On 40° stairs, the robot
maintains lateral displacement within 0.8 m, while on 40°

slopes, it limits displacement to 1.2 m. This controlled recov-
ery behavior effectively prevents dangerous tumbling on steep
terrains, significantly enhancing safety during recovery ma-
neuvers. The comparison clearly illustrates that without these
rewards, the robot exhibits unstable behaviors and dangerous
rolling motions, particularly evident in the bottom sequences
of both stairs and slope scenarios.

Fig. 8: Our methods demonstrate exceptional performance on tilted stairs and
slopes. All dogs are positioned in a supine posture on a 40° incline.

E. Real-World Experiments

We extensively validate our approach through real-world
experiments using the Unitree Go2 quadrupedal robot across
eleven diverse challenging scenarios, as shown in Fig. 1. The
testing environments range from natural terrains like grass
fields and small stones to structured obstacles including stairs,
air beams, and hazardous gaps. Our method demonstrates
robust recovery capabilities across all scenarios, successfully
bridging the reality gap from simulation to real-world deploy-
ment. To mitigate aggressive motions learned through RL,
scaling actions by a decay factor and adjusting PD parameters
(higher derivative gain kd, lower proportional gain kp) may
help generate smooth motions during deployment.
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Fig. 9: Comparative recovery sequences on 38.5° stairs with and without
stability control reward. Bottom: corresponding position shift timeline.

Particularly noteworthy performances are observed in three
highly challenging scenarios. Fig. 9 presents a detailed com-
parison of recovery behaviors on stairs. The top sequence
shows our method with the Stability Control reward, demon-
strating controlled recovery that prevents downward tumbling.
In contrast, the bottom sequence shows the baseline method
without this reward, resulting in dangerous rolling motions
down the stairs. This comparison clearly validates the effec-
tiveness of our reward design in maintaining safer recovery
behaviors on hazardous terrains.

Fig. 10: Recovery sequence on challenging gaps (t = 0.00 s to 2.30 s) with
corresponding joint torque profiles.

We further evaluate our method’s robustness on challeng-
ing gaps, as shown in Fig. 10. The sequential snapshots
demonstrate the robot’s recovery capability when encountering
hazardous situations. At t = 1.40 s, two legs step into the gap.
While our method cannot precisely predict contact geometry
in these complex scenarios with hidden surfaces, the robot
still manages to execute effective recovery motions (t = 1.40
s to 2.30 s) based on the available proprioceptive feedback.
Through a combination of contact detection and reactive
adaptation, the robot adjusts its limb positioning to leverage
the detected support surfaces.

We evaluate our method on suspended beams, as shown in
Fig. 11. From an initial unstable position (t = 0.00 s), the
robot executes a controlled recovery despite the challenging
confined environment. The contact visualization reveals that
only three legs engage with the ground, with the rear left foot

Fig. 11: Recovery sequence on suspended beams (t = 0.00 s to 1.50 s) with
corresponding foot contact states.

intentionally maintained off-ground. During the critical phase
(t = 0.40-1.00 s), our approach coordinates precise weight
redistribution among supporting legs, particularly using the
front right leg for stabilization. This strategic planning prevents
mechanical wedging between beams and achieves a stable final
pose (t = 1.50 s). The successful recovery with partial support
demonstrates our method’s capabilities in confined scenarios.

Fig. 12: Analysis of MCP output. Top: Sequential snapshots showing recovery
transition from 8.00 s to 9.05 s. Bottom Left: Heat map of mass prediction
error between estimated and actual values across body components. Bottom
Right: Contact probability heat map showing predicted collision likelihood
for different leg segments during recovery.

Fig. 12 demonstrates our Mass-Contact Predictor’s perfor-
mance during robot recovery. In the static phase (before 8.25
s), mass estimation accuracy is limited due to minimal joint
forces, visible as blue regions in the bottom left heat map.
During dynamic motion (8.25-9.05 s), prediction accuracy
improves significantly with increased joint loads. Note that *4
represents the sum of four joints. The normalized scale is 15
for the body and 5 for the limbs. The bottom right visualization
shows contact probability predictions, demonstrating how our
approach anticipates physical interactions during recovery
without external sensing.

F. Validation on Humanoid Robot
We test our framework on the humanoid robot Unitree

G1 in simulation, as shown in Fig. 13, using our proposed
reward functions together with the ones that are specific for
humanoid robots [34], [35]. Detailed reward designs can be
found in the supplementary material available at [36]. The
robot successfully recovers on irregular terrains, demonstrating
the adaptability of our methods.

V. CONCLUSION AND LIMITATIONS
We proposed FR-Net, a robust framework for quadrupedal

fall recovery in challenging terrains. By integrating a Mass-
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Fig. 13: Recovery motions of the humanoid robot Unitree G1 in simulation.

Contact Predictor and carefully designing reward functions,
FR-Net achieved safe, efficient, and generalizable recovery
motions. Extensive experiments demonstrated its superior per-
formance in complex environments, with effective real-world
deployment on the Go2 robot. This work demonstrates the
potential of learning-based approaches for enhancing legged
robot autonomy and adaptability.

Despite these achievements, our approach currently esti-
mates only body and joint collisions rather than precise contact
locations on the robot’s surface, particularly in scenarios like
gaps where the system detects general collision states but not
exact terrain geometry. Integration of additional tactile sensors
could address this limitation in future work.
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