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Fig. 1: We propose a reinforcement learning technique that balances user-guided stylized pose objectives and damage-
minimizing soft falling objectives for bipedal and other legged robots.

Abstract— Despite recent advances in robust locomotion,
bipedal robots operating in the real world remain at risk of
falling. While most research focuses on preventing such events,
we instead concentrate on the phenomenon of falling itself.
Specifically, we aim to reduce physical damage to the robot
while providing users with control over a robot’s end pose.
To this end, we propose a robot agnostic reward function that
balances the achievement of a desired end pose with impact
minimization and the protection of critical robot parts during
reinforcement learning. To make the policy robust to a broad
range of initial falling conditions and to enable the specification
of an arbitrary and unseen end pose at inference time, we
introduce a simulation-based sampling strategy of initial and
end poses. Through simulated and real-world experiments,
our work demonstrates that even bipedal robots can perform
controlled, soft falls.

I. INTRODUCTION

During dynamic motions, legged robots often encounter
underactuated contact states that demand continuous dy-
namic balancing [1]. For bipedal robots, this issue is par-
ticularly pronounced, as they must control a heavy body
on a relatively small area of support. Recent reinforcement
learning—based locomotion controllers have made impressive
progress in robustness [2], [3], yet the risk of falling in
unstructured real-world environments remains substantial.
As robots are pushed closer to their limits, much like for
humans, certain disturbances or conditions will inevitably
cause them to fall. However, unlike humans, robots usually
fall in an uncoordinated and uncontrolled manner, leaving
delicate components unprotected and breaking the illusion
of lifelike motion.

A common approach is to improve controller robustness
by adding domain randomization to policy training [4],
integrating safety-oriented terms into optimization [5] or re-
ward functions [6], or restricting the uncertainty by reducing
the range of capabilities. While such approaches improve
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stability, they do not guarantee fall prevention in practice
and may severely limit a robot’s performance or capabilities.
Rather than preventing a fall at all costs, we believe it is
advantageous to embrace the potential of a fall, providing
user control of end poses for stylization and ease of recovery.

In this paper, we therefore explore whether the robot
can execute a fall in a controlled and visually appealing
manner. Falling is a challenging problem, as it requires
performing contact-rich maneuvers within a very short time
window and from a wide range of initial states. Moreover, for
falling, multiple competing objectives need to be balanced,
such as reducing impact, protecting critical components, and
achieving desired motion characteristics.

Existing research on robot falling mostly focuses on a
single objective or a controlled scenario. Once a failure is
detected, common strategies are to freeze the actuators with
high gains [7] or achieve a compliant reaction using low
gains. However, both approaches offer limited controllability
over the resulting motion and suffer from high impact. More
involved solutions often rely on hand-crafted fall strategies,
such as executing predefined falling motions [8] or tracking
predefined contact sequences [9]. This idea has recently
been broadened to adaptive contact sequences, but remains
restricted to a single falling direction [10], [11] or requires
manual considerations tailored to specific fall scenarios, such
as falling forwards or backwards [12].

In contrast, our method not only reduces overall impact
forces but also provides fine-grained user control, through
the specification of critical components to protect and desired
end poses for the robot to reach. This can be used for artistic
control, as shown here, but could also serve as a starting
pose for a recovery policy. We propose a reinforcement
learning (RL) solution that offers adjustable trade-offs be-
tween damage reduction and pose objectives. To generalize
across a wide range of user-specified end poses, we propose
a physics-informed sampling strategy that comprehensively
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covers the distribution of initial and final states. Importantly,
by leveraging reinforcement learning, our approach supports
a wide variety of falling scenarios.

In our experiments, we compare our method quantitatively
with standard falling strategies, showing that our approach
results in softer falls. Through an ablation study in simu-
lation, we demonstrate how our proposed method leads to
controlled falling while adhering to landing in desired poses,
with a user-defined trade-off between the two. In real-world
experiments, we qualitatively demonstrate that our policies
lead to falls without damage. To the best of our knowledge,
this is the first general approach that demonstrates user-
controlled falling of a bipedal robot in the real world. While
we focus our evaluation on bipedal systems due to their
inherent instability, our modeling is agnostic to the number
of legs.

Succinctly, we contribute:

A learning-based technique that balances impact mini-
mization with a user-defined end pose, providing artistic
control over a fall and facilitating a successful recovery.
A sampling strategy of initial and end poses, enabling
the training of a general falling policy that allows a user
to specify an unseen and desired end pose at inference.
Extensive ablations of our method in simulation and
qualitative evaluation on a bipedal robot, highlighting
the utility of our approach.

II. RELATED WORK
A. Soft Falling

Initial works on bipedal falling rely on hand-crafted strate-
gies and predefined motions. A common approach is to treat
falling as a controlled event that is managed with a sequence
of carefully designed actions. For example, controllers can
trigger specific joint trajectories, such as bending the robot’s
knees and extending its arms to reduce impact forces [12],
[13], or tracking UKEMI-inspired falling motions [8], [9].
Alternatively, the robot can be guided by a predefined contact
sequence [14]. As a complementary strategy, the gains of the
actuators can be softened, making the joints more compliant
to passively absorb impacts [12], [15].

A main limitation of these earlier works is their focus
on relatively slow, locomoting robots and falls occurring
primarily in the sagittal plane. As robots become capable
of more dynamic motions [16], [17], the likelihood of multi-
directional falls with high impact forces increases.

Recent advancements in RL allow for more general,
flexible, and robust methods that require fewer assumptions.
By allowing for adaptive and learned contact sequences,
various individual fall strategies can be unified [10], [11],
and scale beyond the simplification of sagittal plane falls
[18]. There has been more recent focus on quadruped falling
policies [19], [20]. ALMA [20], for example, provides a gen-
eral framework that assigns time-varying damage-reduction
rewards across the different phases of a fall.

We extend upon the related works by leveraging the
strength of RL and propose a general learning framework for

soft falling that covers diverse falling scenarios. Our method
accounts for sensitive robot parts, enabling the policy to
minimize impacts on critical components, without manually
specifying falling motions or contact sequences.

B. Stylized Falling

For applications in human-robot interaction or the en-
tertainment industry, lifelike and stylistic robot motions
become important [4], [21], [22]. In character animation,
motion is typically defined by keyframes, with intermedi-
ate poses generated using various interpolation methods.
Those methods range from simple parametric curves [23]
to sophisticated learning-based interpolation techniques [24].
Keyframes were also explored in RL to sparsely define
a robot’s motion [25]. However, so far, artistic keyframes
have only been applied in controlled settings, and not in
the context of a falling objective. In fact, most works in
simulated character control aim to prevent falling at all costs,
either by introducing non-physical fictitious forces [26],
employing early termination techniques [27], or explicitly
penalizing falling through a reward [16].

We extend the capabilities of a falling policy by combin-
ing soft falling with style guidance, an aspect particularly
relevant for human-oriented applications. Specifically, our
framework enables steering the fall towards stylistic end
poses while reducing the impact forces caused by it.

III. OVERVIEW

Falling motions are challenging as they arise from diverse
and unstable initial states. Our goal is to enable a robot
to perform a controlled fall across such conditions, while
minimizing impact and reaching a user-specified, stylized
end pose. Specifically, a user specifies two inputs: the rela-
tive sensitivity between robot components that are fixed at
training time, and a desired end pose that is specified at
inference time and should be reached by the robot once at
rest, irrespective of the initial falling condition. For example,
even when stumbling backwards, the robot should be able to
achieve an end pose where it lies on the front side of the
pelvis while protecting its head with its arms.

End poses can serve different goals. For instance, artists
can define expressive poses to enable falls with an intended
stylistic effect, turning a perceived failure into a believable
motion. Moreover, end poses can be chosen to serve as
suitable starting poses for recovery policies, facilitating a
seamless transition into a standing pose [28], [29].

Note that this work focuses exclusively on a graceful
falling behavior of a robot; not on deciding whether a fall
should occur.

IV. METHOD

To achieve our goals as outlined above, our method
trains a policy via reinforcement learning, relying on a
reward function that balances impact minimization with pose
objectives (refer to Fig. [Z). Before describing our rewards,
sampling strategy, and initialization procedure, we introduce
the domain-specific states, goals, and actions.



TABLE I: Weighted Reward Terms. To penalize contact
forces, we sum up all contact forces that act on a component
c in the force vectors §, then multiply them with the com-
ponent's sensitivity weight v v; is the linear acceleration

of the root, and ; and®; are joint torques and accelerations.
For end pose tracking of the root orientation, we apply
Rodrigues' rotation formula to convert unit quaternions to
rotation matrices, measuring differences in yaw rotations
between the simulated and the goal statei¢ehe unit vector
along the z-axis).

Name | Reward Term | Weight
. . . Impact
Fig. 2: Method Overview. We leverage reinforcement learn p
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ing to train a robust falling policy (right). Our method learns comp. ¢
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to balance impact minimization with reaching a desired _

end pose through our reward formulation, which considers End Pose Tracking

user-speci ed robot part sensitivities. During inference (left), Root orientation| u@®kR( )Te; R( "1)Tesk3 | 20:0

the policy is guided by a user-specied end pose, while Joint positions | u(bkg « k3 1.0
simultaneously minimizing impact. Regularization
Joint torques 5 1.0 108
Joint acc. k qtk 7:5 107
: . Action rate ka ¢ a 11 k3 0:1
A. Reinforcement Learning Setup Action acc. ka « 2a (1 +aiz K3 0:05
Our goal is to determine a sequence of actiopst@ough Positive Offset
a policy (ajst;gt) that transitions the robot from an initial  Positive offset | 1:0 | 50

state $ into a nal state s, taking on a user-specied
end pose, with t 2 [0; T]. The actions;aare joint position
setpoints for proportional-derivative (PD) controllers, and the i
proprioceptive state is B. Reward Design
The reward function is designed to balance accurate end
St = Ve !0 an sae (1) pose tracking with soft impact, supplemented by regulariza-
tion and a constant positive offset

where  is the root orientation, represented with a unit
guaternion, y and !; are the root's linear and angular Ne =ry
velocities, and gandg; are its joint angles and joint angular
velocities.

The time-varying goal

racklng+ r |mpact+ r tregularization+ r offset: (3)

A detailed breakdown of the weighted reward terms is
provided in Tab. I, where hats denote target quantities
derived from g.

Al To promote soft impacts, we adopt an impact reward
9= b @ (Tab. I, top) inspired by prior work on quadrupedal
falling [20]. We extend the contact force reward by scal-
is derived from the user-specied end pose g % ¢ as ing contact forces of robot components with non-negative
outlined below, wheré is the robot's target root orlentat|0n sensitivity weights . Root acceleration is also penalized
and ¢ its target joint con guration. to discourage abrupt motion, regardless of contact.

To make our policy invariant under the robot's global pose, The tracking reward{[ﬁc"'“g (Tab. 1, middle) compares the
we represent the root orientation in states and goals in tgmulated robot pose to a target end pose and incentivizes
local path frame, and the root's linear and angular velocitieghe policy to reach this pose. Specically, the tracking
w.r.t. the root frame. The path frame is de ned with the rooteward combines a joint tracking and a global yaw-invariant
at the origin, x- and y-axes in the horizontal plane, and therientation term. To encourage the policy to initially focus
x-axis aligned with the root's facing direction. on reducing impact forces, before smoothly transitioning to

Note that we do not vary the end goal but apply the timepose tracking, the tracking reward is modulated with a time-
varying transformation from the end pose to path-relativdependent cubic spline u(t), which interpolates the reward
coordinates. This ensures that the policy has suf cient fredsetween 0:0 and 1:0 over the blending duratigRng

dom to pursue competing objectives and to reach the desired 8 3 5
nal state while minimizing impacts. 2 t t . .
. . o _ 2 +3 7 OtT  blend
During training, we sample initial stateg and end poses ~ U()= _ Tolend Tolend (4)

g as described in Secs. IV-C and IV-D. g {0 t>T plend:
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