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Abstract— Autonomous post-fall recovery on irregular ter-
rain is a critical bottleneck for the long-duration deployment of
legged robots. Prevailing methods often depend on flat-ground
assumptions and heuristic rewards, which fail to generalize
under irregular terrain and random initial states. This work
addresses the role of geometry in a data-driven era by proposing
that geometric stability criteria serve as a fundamental induc-
tive bias for Reinforcement Learning (RL). We formalize the
terrain-adapted optimal recovery posture as a multi-objective
geometric optimization problem and introduce a unified Force-
Angle (FA) stability margin to guide the policy search. We
employ a Teacher-Student distillation scheme to enable an RL
agent to learn recovery strategies that inherently satisfy these
geometric requirements across a vast range of initial fallen
configurations and terrain conditions. Our framework achieves
a 90.26% recovery success rate on heterogeneous terrains,
ensuring physically consistent and stable final postures that
honor the underlying geometric boundaries. The supplementary
material is available at https: //boyuandeng.github.io/
TAFR-TeacherGuidedFramework/

I. INTRODUCTION

Autonomous legged systems are increasingly deployed
in challenging environments for inspection and exploration
[1], [2], [3]. However, unexpected falls caused by dynamic
disturbances remain an inevitable interruption to autonomy,
and current systems largely rely on manual intervention,
severely limiting operational efficiency. Fundamentally, post-
fall recovery is a complex motion planning problem requiring
precise body adjustments through multiple discontinuous
contacts [4].

While Deep Reinforcement Learning (DRL) shows
promise in agile motor skills [5], [6], recovery on irregular
terrain remains unsolved due to the lack of a principled def-
inition of a ”’stable posture” in non-Euclidean environments.
Prevailing methods often depend on flat-ground assumptions
and heuristic rewards that fail to generalize under uncertain
topologies. Consequently, the randomness of initial config-
urations and contact conditions frequently lead to degraded
performance or complete recovery failure. In this work, we
argue that geometry serves as a Navigation Compass in the era
of data-driven robotics. While DRL excels at navigating high-
dimensional spaces for feasible trajectories , geometry defines
the recovery targets derived from fundamental dynamic and
kinematic principles. By anchoring a Teacher-Student PPO
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Fig. 1: Force—Angle Stability Measure for a quadrupedal
robot. Foot contact points are denoted p;. Tip-over axes a;
are the ordered line segments connecting adjacent contacts;
their associated normals /; pass through the robot’s CoM
and intersect a;. The vector f is the sum of all forces and
angular loads acting on the CoM, and f; is its component
associated with the i-th tip-over axis. The configuration shown
attains the minimum stability angle 8 = 4. All the vectors are
represented in the inertial frame.

framework to the Force-Angle stability margin[7], we distill
privileged geometric knowledge into deployable propriocep-
tive policies. Rather than a rigid constraint, geometry acts as
an inductive bias that allows the agent to internalize strategies
that inherently respect physical boundaries.

II. GEOMETRIC FORMULATION OF
TERRAIN-ADAPTIVE STABILITY TARGETS

On irregular terrains, a robot’s target pose cannot be a fixed
joint configuration; instead, it must adapt to the underlying
terrain topology.

A. Geometric Optimization Objective

We formalize the optimal recovery posture by minimizing
a multi-objective cost function J(7) that incorporates contact
geometry:

minJ = leforce + WZJeffort +wiJcom (D

where J ¢, c. penalizes the variance of vertical ground reaction
forces to ensure uniform load sharing among legs. Jef fort
minimizes the norm of joint torques to reduce actuation de-
mand, and J¢, ) minimizes the distance between the Center of
Mass (CoM) and the centroid of the support polygon, ensuring
the robot resides in the center of its stability manifold—a
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Fig. 2: Real-world experiments on challenging terrains (Flat, Foam, Stairs, Roots). Motor torques converge to similar values,

indicating a near-optimal stable configuration.

geometric requirement for maximizing the stability margin on
slopes [8], [9]

B. The Force-Angle Stability Margin

To evaluate recovery outcomes across diverse terrains, we
adopt the Force—Angle Stability Measure S [7], [10]. Unlike
planar support-polygon heuristics, S calculates the minimum
angle between the resultant force vector and the tip-over
axes formed by non-coplanar contacts. This geometric metric
provides a differentiable proxy for the robot’s physical limits,
which we distill into the RL reward structure.

III. LEARNING RECOVERY POLICIES UNDER
GEOMETRIC BIAS

We utilize the Orbit/Isaac Lab simulation framework [11]
to train a Teacher-Student architecture.

o Geometric Teacher: The teacher policy is granted
privileged access to the terrain (elevation maps and
contact forces). It learns to navigate the configuration
space toward the optimal state defined in Section II.

« Proprioceptive Student: The student policy relies solely
on proprioceptive histories. It does not ”see” the terrain
but is trained to imitate the teacher’s geometric insights.
Here, the neural network effectively learns an implicit
mapping from temporal sensor data to the environment’s
geometric constraints.

IV. EXPERIMENTAL RESULTS

The effectiveness of the proposed framework was evaluated
through extensive simulations and hardware deployments. We
utilized the Isaac Lab framework [11] for massively parallel

training of 2,048 agents with randomized initial states across
six heterogeneous terrains. Experiments were conducted on
the Unitree Gol [12].

A. Recovery Success Rate
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Fig. 3: Recovery success rates of the Student policy across
different imitation weights compared to the Teacher and pure
RL baseline [13].

A recovery trial is declared successful if, at the terminal
timestep, the robot satisfies the following geometric and
physical criteria: (i) the gravity vector projection onto the
world z-axis is within a 0.1 error tolerance; (ii) the vertical
ground-reaction force variance is below 0.5, ensuring stable
four-leg contact; (iii) joint velocities are within safety limits;
and (iv) the stability margin S is strictly positive.



As shown in Fig. [3] the Geometric Teacher policy achieves
an upper-bound success rate of 93.47%. By internalizing these
geometric insights through distillation, the Proprioceptive
Student reaches 90.26% success. In contrast, the baseline
RL method lacking explicit geometric guidance achieves
only 78.6%. This significant performance gain validates that
anchoring the learning process to formal geometric targets
enables the acquisition of more robust recovery strategies than
pure data-driven exploration.

B. Tip-over Stability Margin Analysis

To evaluate the quality of the final recovered posture, we
analyzed the tip-over stability margin S for all successful trials
across six different terrains. As illustrated in Fig. [} the stability
margins remain strictly positive in all cases, confirming the
static reliability of the final configurations.

The mean values of 8 range from 12.06 to 14.78, with peak
values reaching as high as 25.71. These results demonstrate
that the learned policy successfully guides the robot into
configurations that maximize stability relative to the specific
terrain topology.
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Fig. 4: Distribution of stability margins S across six irregular
terrains. Mean values consistently remain positive, ensuring
tipping resistance.

V. DISCUSSION AND CONCLUSION

Returning to the central theme of this workshop, our work
demonstrates that the rise of data-driven methods does not
diminish the significance of geometric principles; rather, it
redefines their utility. In the context of post-fall recovery,
geometry serves as the “Navigation Compass” by providing
formal definitions of physical stability that simple heuristic
rewards cannot capture. Traditional geometric optimization for
multi-contact recovery on irregular terrains requires solving
highly non-linear and non-convex constraints in real-time, a
task that remains computationally prohibitive for embedded
systems [7], [10]. The core insight of our framework is that
deep reinforcement learning can be leveraged as an efficient
offline optimizer. By training on a wide distribution of ran-
domized initial states and terrains, the neural network learns to
internalize these complex geometric requirements, essentially
acting as a high-dimensional non-linear approximator for the
optimal recovery manifold.

Empirical evidence from both extensive simulations and
real-world deployments confirms that the learned student pol-
icy successfully internalizes the prescribed geometric objec-
tives, effectively reaching the target configurations with high

reliability. By unifying theory-backed geometric targets with
a teacher-guided learning paradigm, this study offers a general
recipe for reliable fall recovery on complex terrains. However,
an inherent challenge persists in the paradigm of data-
driven robotics: while reinforcement learning can navigate
high-dimensional, non-convex landscapes where traditional
optimization remains computationally prohibitive or prone to
local minima, providing a formal proof that the learned strategy
represents the global optimum remains elusive. Furthermore,
the stochastic nature of the learning process itself offers no
theoretical guarantees regarding the stability of the training
trajectory or the optimality of the converged policy. Future
research will focus on incorporating formal methods and
lyapunov-based stability certificates into the learning loop to
ensure both the robustness of the training process and the
certified optimality of the resulting recovery behaviors.
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