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1. Prone-to-stand recovery across fragmented support surfaces demands vision-guided contact selection and continuous whole-body rebalancing

2. Fall-mitigation recovery after a push towards stairs demands vision-guided anticipatory arm contact to arrest the fall and balance on a narrow step

3. Recovery behaviors across diverse terrain and initial conditions highlight the generality of vision-guided contact selection and whole-body rebalancing

Fig. 1. Vision-enabled unified fall safety for humanoids. A single learned policy integrates fall mitigation and stand-up recovery (sample runs in Rows
1–2) and transfers zero-shot to diverse terrains and conditions (poses over time shown as overlays in each image in Row 3).

Abstract—Reliable fall recovery is critical for humanoids oper-
ating in cluttered environments. Unlike quadrupeds or wheeled
robots, humanoids experience high-energy impacts, complex
whole-body contact, and large viewpoint changes during a fall,
making recovery essential for continued operation.

Existing methods fragment fall safety into separate problems
such as fall avoidance, impact mitigation, and stand-up recovery,
or rely on end-to-end policies trained without vision through
reinforcement learning or imitation learning, often on flat terrain.
At a deeper level, fall safety is treated as monolithic data
complexity, coupling pose, dynamics, and terrain and requiring
exhaustive coverage, limiting scalability and generalization.

We present a unified fall safety approach that spans all phases
of fall recovery. It builds on two insights: 1) Natural human fall
and recovery poses are highly constrained and transferable from
flat to complex terrain through alignment, and 2) Fast whole-body
reactions require integrated perceptual-motor representations.

We train a privileged teacher using sparse human demonstra-
tions on flat terrain and simulated complex terrains, and distill it
into a deployable student that relies only on egocentric depth and
proprioception. The student learns how to react by matching the
teacher’s goal-in-context latent representation, which combines
the next target pose with the local terrain, rather than separately
encoding what it must perceive and how it must act.

Results in simulation and on a real Unitree G1 humanoid
demonstrate robust, zero-shot fall safety across diverse non-flat
environments without real-world fine-tuning. The project page is
available at https://vigor2026.github.io/

I. INTRODUCTION

Humanoids are intended to operate in the same cluttered and
uneven environments as humans, yet they remain vulnerable
when failures occur. Minor disturbances can quickly cascade
into coupled rotations, impacts, and contact transitions, unfold-
ing faster than conventional stabilization can correct. Unlike
robots with inherently stable morphologies, humanoids must
coordinate many joints and fleeting contacts under severe time
pressure, making fall safety a whole-body problem in which
early actions sharply limit later options.

Fall safety cannot be reduced to a post-impact reflex: How
a robot falls determines which supports and contacts remain
feasible, and whether standing up is possible at all. These
choices depend on situational and terrain awareness, since con-
tact feasibility and momentum redirection are shaped by local
geometry invisible to proprioception alone. Fall safety thus
requires the integration of terrain perception and coordinated
whole-body control across the fall-recovery process.

Despite the intrinsic coupling between fall and recovery,
existing approaches fragment fall safety along two axes and
typically rely on blind, proprioceptive-only sensing.

First, many methods decompose fall-related behaviour into
isolated subproblems: fall avoidance, impact mitigation, or

https://vigor2026.github.io/
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Fig. 2: Factorized data generation yields sample-efficient imitation and scalable adaptation for humanoid fall safety
learning. Rather than treating pose, time, and terrain as a single monolithic data space requiring exhaustive coverage (left),
we generate the same space by factorizing it into a small set of human pose trajectories from real-world demonstrations on
flat terrain (middle) and independently varying terrain geometry in simulation (right), which can be arbitrarily complex.

stand-up recovery. Balance controllers focus on preventing
loss of stability [7, 8], while stand-up controllers are typically
invoked only after the robot comes to rest in a small set of
predefined poses [23]. These components are designed largely
in isolation and rely primarily on proprioceptive sensing,
implicitly assuming flat ground and benign contact geometry.
In practice, destabilization, impact, and recovery are tightly
coupled: the robot’s orientation, contact sequence, and resting
configuration are shaped by the surrounding terrain. Recovery
therefore cannot be separated from how the robot falls, nor
from where and how contact occurs.

Second, learning-based approaches that aim to address fall-
related behaviors end-to-end often treat the problem as one
of monolithic data complexity, and are typically trained
without access to visual terrain perception. Reinforcement
learning (RL) methods require hard reward engineering and
extensive training, frequently leading to brittle or unnatural
motions [40]. Imitation learning (IL) methods rely on dense
trajectory demonstrations, often sourced from internet-scale
human motion data, which transfer poorly across terrain
geometry and contact conditions [42, 38, 43]. Both RL and
IL methods treat environmental complexity as a monolithic
data problem, entangling kinematics, dynamics, and terrain
and requiring exhaustive coverage of their combinations.

In contrast, we advocate for a factorized view of data
complexity (Fig. 2): Our first insight is that natural human
fall and recovery poses are far more constrained than they ap-
pear: Poses required on complex terrain often admit spatially
aligned and physically compatible counterparts on flat terrain.
This observation allows pose and terrain variation to be treated
as largely independent factors. As a result, a few human
demonstrations collected on flat ground can serve as priors on
kinematics and dynamics, while variation in terrain geometry,
contact timing, and momentum redirection is handled through
RL via interaction with the environment.

Our second insight is that effective humanoid fall safety
hinges on representing action goals in context. Fast whole-
body reactions during a fall require tight coupling between
perception and action. Explicit prediction of terrain or dy-
namics [22, 44], or tracking reference trajectories during

execution [25, 18], is neither necessary nor sufficient: The
humanoid must ultimately select actions conditioned jointly
on its body state, the local terrain, and the next target pose.
Inferring each of these factors in isolation demands solving
difficult and error-prone subproblems, even though they must
ultimately be considered together to form an action plan.

We therefore build the policy directly on a compact visual
goal-in-context latent representation, which integrates the
next target pose with the local terrain and body context in
a single perceptual-motor space. Because contact feasibility
and momentum redirection depend on terrain geometry that
is not observable through proprioception alone, this latent is
inferred from egocentric visual input together with short-term
proprioceptive history. Rather than separately encoding the
geometry the robot must perceive and the pose it must reach,
the goal-in-context latent provides exactly the information
required to formulate an action plan in situ.

Based on these insights, we introduce VIGOR, Visual
Goal-In-Context Inference for Unified Humanoid Fall Safety.
VIGOR treats fall safety as a single, unified task spanning
fall avoidance, impact mitigation, and stand-up recovery. A
privileged teacher policy is trained via RL using sparse human
demonstrations on flat terrain together with access to local
terrain geometry, yielding terrain-aware reactive behaviours.
This knowledge is then distilled into a deployable student pol-
icy that operates using only egocentric depth observations and
short-term proprioceptive history. By matching the teacher’s
goal-in-context latent representation, the student learns to react
across diverse fall scenarios without explicitly decomposing
perception and control.

We evaluate VIGOR extensively in simulation and demon-
strate successful zero-shot transfer to the real world across a
wide range of fall and recovery conditions, validating a unified
and vision-enabled approach to humanoid fall safety.

II. RELATED WORK

A. Humanoid Fall Mitigation and Standing-Up Control

Navigating real-world terrain poses significant stability risks
for humanoid robots, whose high center-of-mass and complex
contact dynamics make falls both likely and difficult to recover



from [15, 10, 29, 28, 12]. Prior work typically decomposes
recovery into two disjoint stages: fall mitigation during descent
and standing up after impact. Classical fall mitigation methods
focus on maintaining balance or redirecting momentum to
reduce impact forces [8, 7], while learning-based approaches
similarly emphasize safe landing or damage reduction without
explicitly addressing subsequent recovery [16]. Standing-up
control, by contrast, is often treated as a separate problem and
triggered only after the robot has settled into a small set of
predefined post-impact configurations [33]. Although recent
learning-based methods have improved robustness across di-
verse initial poses [35, 14, 13], they generally assume the fall
has already concluded and do not reason about the dynamics
leading to impact. Only a few works attempt to unify fall
mitigation and standing-up within a single policy [11, 39], but
these approaches typically rely on limited sensing or blind
operation. In contrast, we learn a unified, visually grounded
policy that explicitly couples fall mitigation and recovery
under diverse terrain conditions.

B. Visual Whole-Body Control

Methods in vision-based control have recently enabled hu-
manoids to perform complex whole-body behaviors under par-
tial observability [44, 6]. Visual input has been used to support
loco-manipulation and contact-rich interaction [9, 20, 41], as
well as to guide navigation and locomotion across challenging
environments [22, 19, 5]. Other work explores emergent active
perception and internal representations to maintain control
consistency under changing viewpoints [24, 32]. Despite this
progress, fall recovery presents a difficult perceptual regime
where rapid body rotations, self-occlusion, and intermittent
ground contact lead to narrow and unstable visual observations
during critical control phases. To the best of our knowledge,
our work is the first to utilize visual observations to facilitate
more robust and adaptive humanoid fall recovery behaviors.

C. Motion Priors and Style-Constrained RL

Reinforcement learning offers a flexible framework for hu-
manoid control, but learning safe and coordinated whole-body
behaviors remains challenging due to high-dimensional action
spaces and complex dynamics [34, 4]. Prior work therefore
relies on carefully shaped multi-term reward functions [37, 44]
or constrains the control problem through reduced body rep-
resentations or limited link actuation [19]. Human motion
priors provide an alternative form of regularization, inducing
structured behavior with minimal reward engineering.

Reference-guided RL methods such as DeepMimic [26]
and AMP [27] demonstrate strong whole-body control on flat
terrain, but often rely on dense trajectory tracking or periodic
motion assumptions, which become limiting in highly non-
periodic, contact-rich behaviors such as fall recovery. Recent
work relaxes dense tracking through higher-level structural
guidance, including keyframe-based objectives [42, 36], style-
constrained learning [38], or hybrid formulations that combine
imitation on flat terrain with residual learning and task-driven

adaptation on uneven terrain [43]. These methods allow devi-
ation from demonstrations when needed, but still depend on
sufficient motion–terrain coverage, and fall recovery remains
challenging due to its non-periodic nature and strong coupling
to terrain and contact geometry. We therefore treat human fall-
recovery demonstrations as sparse structural priors rather than
full trajectory targets.

III. METHOD

We propose VIGOR, a unified framework for humanoid
stand-up, fall mitigation, and recovery in unstructured envi-
ronments, as illustrated in Fig. 3. Unlike pipelines that treat
falling, impact mitigation, and standing as separate modules,
VIGOR learns the full process in a single control policy
conditioned on onboard egocentric depth sensing. Following a
destabilizing disturbance, the robot may enter arbitrary config-
urations involving high-energy impacts, whole-body contact,
and large changes in body orientation. At each timestep t,
the robot receives proprioceptive measurements ot and an
egocentric depth image It from a head-mounted camera,
and outputs joint-space control targets at. The policy must
continuously regulate contact and body motion during the fall
and produce a stand-up behavior that returns the robot to an
upright configuration. The system contains two components:
(1) a privileged teacher that observes sparse keyframe targets
kt, the current observation ot, and local terrain samples ht

to provide high-level recovery structure; and (2) a deployable
student that reconstructs the teacher’s goal-in-context latent
using egocentric depth and short-term observation history.

A. Motion Collection and Sparse Keyframe Extraction

We obtain fall–recovery demonstrations from monocular
human videos recorded on flat ground, covering forward,
sideways, and backward recovery behaviors, shown in Ap-
pendix Fig. 12. Each video is processed using the VideoMimic
pipeline [2] to reconstruct full-body 3D motion and fit an
SMPL model [21], which is then retargeted to the Unitree G1
humanoid via a kinematics-aware mapping with conservative
joint-limit constraints to avoid retargeting artifacts. Follow-
ing reconstruction and retargeting, we retain a total of nine
high-quality recovery motion sequences from three different
body sizes. Rather than using full trajectories as strict im-
itation targets, we extract a sparse set of uniformly sampled
keyframes to provide coarse temporal structure for the motion.
These keyframes serve as high-level structural priors for the
privileged teacher, guiding learning without over-constraining
recovery behavior.

During training, reference keyframes are coarsely pro-
jected onto the terrain following geometric alignment inspired
by [36]. Concretely, we apply a vertical projection

∆z = max
i=1,...,Nlinks

(
h(pref

i )− zref
i

)
,

where h(·) queries the terrain height at the reference link
position pref

i and zref
i is its vertical coordinate; all reference

poses are shifted by ∆z to ensure clearance above the
terrain. Reference poses are initialized at the terrain center



Fig. 3: Overview of VIGOR. 1) Motion retargeting: human fall–recovery demonstrations are kinematically retargeted to the
robot. 2) Terrain alignment: reference poses are used directly on flat terrain and coarsely projected onto uneven terrain to provide
sparse tracking targets. 3) Goal-in-context teacher policy learning: a privileged teacher policy is trained with RL to acquire a
goal-in-context representation that encodes the immediate recovery target pose together with local terrain information. 4) Visual
goal-in-context student distillation: a student policy distills the teacher’s terrain-aware recovery behavior from egocentric depth
and short-term proprioceptive history for deployment.

(origin), with small x–y perturbations constrained relative to
the terrain frame. We further randomize reference conditioning
and initialization by sampling different reference trajectories
and different starting points along each trajectory to improve
coverage of recovery configurations. Additional details are
provided in the Appendix Section D.

B. Privileged Goal-in-Context Teacher

We train a privileged fall-mitigation and recovery teacher
policy πθ using PPO [31]. Training proceeds in two stages:
the policy is first trained on flat terrain to acquire basic fall
mitigation and stand-up behaviors, and then continued on
randomized non-flat terrains to handle diverse contact geom-
etry and perturbations. The teacher receives the observation
ot =

(
oprop
t , kt, ht

)
, where oprop

t contains proprioceptive
features, kt encodes sparse keyframe targets, and ht is a
privileged terrain scan containing local height information.
The reference and terrain signals are fused into a single
goal-in-context latent zg = g

(
kt, ht

)
, which summarizes the

immediate recovery target pose together with local terrain
information. The teacher actor conditions on this latent and
proprioception to produce joint targets: at = πθ

(
zg, o

prop
t

)
.

While the teacher is trained in a tracking-based manner
similar to prior motion imitation policies [2, 26], the reference
signals are intentionally sparse and enforced only at a coarse,
relative level. Together with access to privileged terrain obser-
vations, this under-specification allows RL to resolve contact
timing, body placement, and terrain-dependent execution de-
tails beyond what is prescribed by the demonstrations.

C. Reward Design

We design a composite reward function to support fall
mitigation, stabilization, and recovery within a single policy:

rt = rimit
t + rreg

t + rpost
t

where rimit
t is a DeepMimic-style tracking term [26], rreg

t

aggregates standard motion-regularization penalties, and rpost
t

provides post-recovery stabilization by rewarding upright hold
and suppressing residual motion once standing. All reward
terms are summarized in Table I.

Motion imitation. We project reference poses, recorded
on flat ground, onto the simulated terrain before computing
tracking errors, using a simple geometric alignment procedure
inspired by MaskedMimic [36]. This alignment preserves the
demonstrated motion structure but is not physically exact
on uneven terrain, leaving small residual offsets introduced
by the projection itself. Tracking full world-frame positions
∥pref

i,t − pi,t∥ would therefore penalize projection residuals
and terrain-dependent deviations that are necessary for re-
covery. Instead, we define imitation targets in a root-relative
canonical frame by comparing (pref

i,t − pref
0,t) − (pi,t − p0,t),

which preserves relative body configuration while remaining
insensitive to projection artifacts, allowing demonstrations to
act as structural priors rather than exact pose targets.

Regularization and safety. The term rreg
t aggregates stan-

dard regularization penalties, including joint limit viola-
tions, joint velocities, accelerations, momentum change, action
smoothness, undesired contacts, and contacts near terrain
edges. These terms stabilize learning and reduce unsafe be-
haviors without prescribing a specific recovery strategy.

Post-recovery stabilization. Once the robot reaches a stable
upright configuration, rpost

t encourages stable upright posture
by suppressing residual base motion and joint velocities.

D. Egocentric Student Policy

At deployment time the robot has no access to privileged
terrain or reference motion. The student therefore learns to
infer the teacher’s goal-in-context latent using only egocentric
depth and short-term proprioceptive history. The same set of



TABLE I: Reward terms used for fall-recovery learn-
ing. Tracking rewards use a Gaussian kernel f(d;σ) =
exp(−d2/σ) applied to pose, velocity, and joint-space errors.
Regularization and safety terms follow standard formulations
widely adopted in prior humanoid control work [39, 18, 37].

Reward Definition Weight

Motion imitation

RB pos. track. exp(−∥∆x∥2/σ) 1.25
RB rot. track exp(−∥∆θ∥2/σ) 0.50
RB lin. vel. track. exp(−∥∆v∥2/σ) 0.125
RB ang. vel. track. exp(−∥∆ω∥2/σ) 0.125
Joint pos. track. exp(−∥∆q∥2/σ) 0.50
Joint vel. track. exp(−∥∆q̇∥2/σ) 0.125

Regularization & safety

Torque penalty ∥τ∥2 −1.0 × 10−6

Torque limit max(0, |τ | − τmax) −0.1
Joint pos. limit max(0, q − qmax) + max(0, qmin − q) −10.0
Joint vel. limit max(0, |q̇| − q̇max) −5.0

Joint acc. ∥q̈∥2 −2.5 × 10−7

Momentum change ∥∆p∥ −5.0 × 10−3

Body yank ∥∆F∥2 −2.0 × 10−6

Joint vel. penalty ∥q̇∥2 −1.0 × 10−4

Action rate ∥at − at−1∥2 −0.1
Undesired contacts rcontacts [18] −0.1
Support at edge rfoothold [37] −1.0

Post-recovery stabilization

Head height exp(−∥∆h∥2/σ) 0.25
Base linear velocity ∥vbase∥2 −0.01
Base angular velocity ∥ωbase∥2 −0.05

sparse demonstrations used to train the teacher defines the
space of recovery behaviors available to the student, which
learns to infer an appropriate target pose from history rather
than relying on explicit reference signals.

The student receives a short history of egocentric depth
images It−k:t and proprioceptive observations oprop

t−T :t. A per-
ceptual encoder maps the stacked depth images to a feature
f img
t , while a temporal encoder summarizes the proprioceptive

history into f hist
t . These are fused to produce a predicted goal

latent z̃g , which encodes the control objective as the target
pose conditioned on terrain. The student actor outputs joint-
space actions conditioned on the predicted latent and the
current proprioceptive observation, ãt = πϕ

(
z̃g, o

prop
t

)
.

Training is supervised by the teacher in both the latent and
action spaces. The latent-matching loss encourages the student
to reconstruct the teacher’s goal-in-context representation,
while behavioral cloning aligns the student’s actions with the
teacher’s:

Lgoal =
∥∥z̃g − zg

∥∥2, LBC =
∥∥ãt − at

∥∥2
A DAgger-style [30] mixing schedule gradually replaces

teacher actions with student actions during rollouts while
continuing to provide supervision in both the latent and action
spaces, enabling deployment without privileged information.

Notably, the student is distilled from unstable initial states,
biasing it toward reactive stabilization rather than deliberate
falling. As a result, the policy maintains a stable posture in
nominal conditions and engages in fall mitigation and recovery

Fig. 4: Terrains used for training. From top to bottom: rough,
waves, slope, inverted slope, stairs, and inverted stairs. The
figure shows three representative difficulty levels per terrain
for visualization.

under disturbance.

E. Domain Randomization

To improve robustness and sim-to-real transfer, we random-
ize both dynamics and perception at the start of each episode
and throughout rollout. On the dynamics side, we sample
randomize friction, restitution, as well as the robot’s initial
pose, reference motion clip and phase, yaw, base height, and
joint states; we additionally apply stochastic external pushes
and occasional joint torque dropouts to mimic partial actuator
failures. On the perception side, following prior works [3, 41],
we perturb depth observations using depth clipping and non-
linear remapping, multiplicative noise, spatial and temporal
dropout, synthetic occlusions, and small random camera pose
jitter. These perturbations encourage policies that rely on stable
geometric structure rather than brittle simulator-specific visual
or dynamical artifacts; full ranges and ablations are provided
in the Appendix Section F.

IV. EXPERIMENTS

A. Implementation Details

We summarize the main components of our simulation,
training, and deployment setup below; full implementation
details, hyperparameters, and architectural specifications are
provided in the Appendix Section C.

Simulation Setup: We use HumanoidVerse [17] and extend
it with terrain generation and image rendering, enabling the
full pipeline to run in both IsaacGym and IsaacLab using
identical control and learning modules. Environments use a
23-DoF Unitree G1 model with a head-mounted depth camera,
executed at 50 Hz for up to 7.5 s per episode.

Terrain Setup. Training proceeds in two phases. The policy
is first trained on flat terrain to acquire core stand-up and



impact-mitigation behaviors, and is then continued on random-
ized non-flat terrains. Three representative difficulty bands are
shown in Fig. 4; the full training distribution spans fifteen
continuous difficulty levels.

Training: The teacher is trained using PPO [31] with
4,096 parallel environments. Due to rendering cost, the student
policy is trained with egocentric depth observations on 512
environments. Training is performed on a single RTX 4090
workstation for IsaacLab experiments, and on an NVIDIA A40
GPU for IsaacGym experiments.

Neural Architectures: All network components rely on
lightweight MLP backbones with ELU activations. Depth is
processed by a compact CNN, and short-term proprioceptive
history is encoded by a small temporal convolutional module.

Real-World Setup: Hardware experiments are performed
on a Unitree G1 equipped with an Intel RealSense head
mounted depth camera. Proprioception streams at 500Hz and
depth at 30Hz. The student policy runs at 50Hz and outputs
joint-space position targets to the low-level PD controller.
Depth preprocessing mirrors simulation, and deployment is
fully zero-shot without any real-world fine-tuning.

B. Simulated Experiments

We evaluate policies under two initialization regimes: Stand-
Up and Fall-Recovery (dynamic falls with nonzero base ve-
locity). Unless otherwise stated, results are reported on mixed
terrains in IsaacGym; IsaacSim results are provided in the
Appendix. For Stand-Up, episodes are initialized by sampling
around the lowest-configuration keyframe of each demon-
stration with added noise. For Fall-Recovery, episodes are
initialized near the onset of falling with random perturbations.

a) Metrics: We evaluate recovery using the following
metrics (details in Appendix G), averaged over 300 trials (3
seeds). Success (Succ) measures upright stabilization within
7.5 s. Safe success (Succsafe) excludes trials where the head
approaches within 5 cm of the terrain. Time is time-to-
recovery. Tracking error (Track.) is the root-mean-squared
deviation from the reference during non-stationary phases. En-
ergy measures mechanical power consumption. Displacement
(Disp.) quantifies cumulative pelvis drift over the episode.

b) Baselines: We compare VIGOR against representa-
tive prior methods for humanoid stand-up and recovery under
identical initialization and terrain distributions. HOST [14]
learns stand-up behaviors for different starting configurations
separately directly through RL, using curriculum scheduling
and multiple critics, while FIRM [39] leverages motion-level
structure by conditioning a goal diffusion model to guide
recovery behaviors. Both methods were originally designed
and evaluated on flat terrain, and we assess their generalization
under our terrain setup. We evaluate HOST only on stand-up
tasks, as it was not trained for fall-recovery scenarios. For
each terrain setup, we use the closest available HOST starting
configuration when available; otherwise, we use the flat-terrain
policy. Since no existing visual baseline for humanoid fall
recovery is available, we instead study the role of perception
through targeted student ablations.

Fig. 5: Simulation performance, grouped by terrain and
motion type. Top: success rate by terrain family. Bottom:
success rate by initial fall direction, aggregated over terrains.
The semi-transparent segment indicates unsafe successes.

(1): Supine initialization on stairs

(2): Lateral fall on stairs

(3): Forward push disturbance on rocky terrain

Fig. 6: Recovery scenario examples. Each row shows a
different initial condition and terrain, visualized with four key
frames from left to right.

c) Teacher Ablations: We evaluate teacher-side ablations
to isolate the contribution of privileged structure and su-
pervision. noKeypoints removes keypoint-based observations.
DofKeypoints replaces spatial keypoint positions with joint
angle observations as the target observation. AbsTrack trains
the teacher using absolute pose tracking objectives instead of
relative tracking. NoScandots removes access to privileged
terrain information, while Teacher denotes the full privileged
teacher with complete terrain access and supervision.

d) Student Ablations: We study student-side ablations of
the VIGOR student policy by selectively removing compo-
nents while keeping training conditions fixed. w.o Shared
disables shared latent supervision, removing goal-level distil-
lation. w.o Vision removes egocentric depth input, yielding
a proprioception-only student. w.o History removes temporal
observation history, restricting the student to single-step obser-
vations. Lastly, VIGOR includes egocentric depth, temporal
history, and shared latent supervision.

C. Simulated Results

Table II reports average recovery performance across all
simulated terrains for both Stand-Up and Fall-Recovery. De-



TABLE II: Average simulated recovery performance under
Stand-Up and Fall-Recovery initializations across all terrains.
best and second-best indicate the top two methods per

column. VIGOR significantly outperforms baselines on
both stand-up and fall recovery.

Stand Up Succ↑ Succsafe↑ Time↓ Track.↓ Energy↓ Disp.↓

HOST [14] 15.2 (± 3.7) 12.8 (± 4.1) 2.7 (± 0.7) – 480.3 (± 60.2) 3.2 (± 1.4)

FIRM [39] 30.8 (± 5.2) 21.4 (± 4.3) 3.1 (± 1.9) 20.4 (± 2.3) 490.1 (± 103.7) 2.8 (± 1.2)

VIGOR (Ours) 89.5 (± 3.0) 86.7 (± 3.1) 4.9 (± 2.1) 15.1 (± 5.4) 305.6 (± 124.8) 1.7 (± 0.7)

Teacher 97.7 (± 1.5) 93.0 (± 2.5) 4.0 (± 1.3) 10.6 (± 4.6) 315.6 (± 135.3) 1.5 (± 0.5)

Fall Recovery
FIRM [39] 20.2 (± 6.3) 15.3 (± 3.2) 5.7 (± 2.2) 26.4 (± 4.3) 320.5 (± 99.3) 2.9 (± 1.2)

VIGOR (Ours) 90.5 (± 2.0) 89.3 (± 3.4) 5.4 (± 1.9) 14.1 (± 4.4) 287.5 (± 125.8) 1.8 (± 1.0)

Teacher 98.0 (± 1.4) 94.6 (± 2.3) 5.3 (± 1.2) 10.5 (± 3.4) 265.8 (± 96.5) 1.8 (± 0.6)

TABLE III: Teacher ablations. Ablations of the privileged
teacher under both Stand-Up and Fall-Recovery initializations
across all terrains.

Teacher Succ↑ Succsafe↑ Time↓ Track.↓ Energy↓ Disp.↓

Stand Up
noKeypoints 55.3 (± 4.9) 52.0 (± 5.0) 7.1 (± 2.9) 15.9 (± 4.5) 198.7 (± 123.2) 1.3 (± 0.6)
DofKeypoints 86.0 (± 3.4) 78.0 (± 4.6) 7.3 (± 1.6) 15.1 (± 7.7) 216.5 (± 92.6) 2.4 (± 1.2)

AbsTrack 74.1 (± 4.3) 71.8 (± 4.5) 5.5 (± 2.7) 18.6 (± 1.1) 281.6 (± 145.1) 1.5 (± 0.5)

NoScandots 90.7 (± 2.9) 75.7 (± 4.2) 4.9 (± 1.9) 10.8 (± 3.8) 297.0 (± 103.1) 1.8 (± 0.8)

Teacher 97.7 (± 1.5) 93.0 (± 2.5) 4.0 (± 1.3) 10.6 (± 4.6) 315.6 (± 135.3) 1.5 (± 0.5)

Fall Recovery
noKeypoints 77.4 (± 4.2) 76.0 (± 4.2) 6.6 (± 2.1) 20.1 (± 4.4) 149.8 (± 112.5) 1.4 (± 0.9)
DofKeypoints 83.3 (± 3.7) 70.0 (± 4.5) 7.3 (± 1.2) 15.6 (± 7.2) 193.0 (± 72.6) 2.9 (± 1.0)

AbsTrack 67.0 (± 4.7) 64.3 (± 4.7) 5.5 (± 2.4) 22.0 (± 0.7) 246.7 (± 136.6) 2.2 (± 0.6)

NoScandots 88.0 (± 3.2) 75.0 (± 4.3) 6.7 (± 1.6) 12.1 (± 4.3) 280.3 (± 88.3) 2.7 (± 0.9)

Teacher 98.0 (± 1.4) 94.6 (± 2.3) 5.3 (± 1.2) 10.5 (± 3.4) 265.8 (± 96.5) 1.8 (± 0.6)

tailed breakdowns by terrain family and fall direction are
shown in Fig. 5, while representative recovery rollouts under
diverse initializations and contact sequences are visualized in
Fig. 6.

Baselines. Prior methods exhibit limited robustness under
the unified terrain setting. Both HOST and FIRM, which were
originally designed for flat terrain, achieve substantially lower
success and safe success rates compared to our approach, with
higher tracking error, energy consumption, and base displace-
ment. In contrast, VIGOR shows large gains in both Stand-
Up and Fall-Recovery, indicating improved robustness across
diverse terrain geometries. Notably, Fall-Recovery generally
requires less energy than Stand-Up across methods, consistent
with its shorter stabilization horizon, whereas Stand-Up in-
volves longer multi-contact transitions and higher mechanical
cost.

Teacher Ablations. Table III highlights the role of structural
priors in the teacher. Removing keypoints (noKeypoints)
causes the largest degradation in both Stand-Up and Fall-
Recovery, substantially reducing success and safe success,
indicating that explicit spatial structure is central to coordi-
nated recovery. Replacing spatial keypoints with joint-angle
targets (DofKeypoints) partially recovers performance but
remains below the full model, suggesting that geometric body

TABLE IV: Student ablations. Ablations of the VIGOR
under Stand-Up and Fall-Recovery initializations across all
terrains. The realization gap, ∥z̃goal

t − zgoal
t ∥2, (×10−2) is

8.8 (± 4.6) for w.o Vision and 6.2 (± 3.6) for w.o History.

Student Succ↑ Succsafe↑ Time↓ Track.↓ Energy↓ Disp.↓

Stand Up
w.o Shared 60.0 (± 4.9) 54.3 (± 4.9) 6.9 (± 2.8) 17.4 (± 4.9) 250.3 (± 124.9) 2.1 (± 1.3)

w.o Vision 77.4 (± 4.1) 62.7 (± 4.8) 5.6 (± 2.6) 19.1 (± 5.4) 267.8 (± 138.8) 2.0 (± 0.7)
w.o History 86.8 (± 3.3) 81.2 (± 3.9) 5.3 (± 2.2) 16.6 (± 4.9) 298.5 (± 115.1) 2.0 (± 1.0)

VIGOR 89.5 (± 3.0) 86.7 (± 3.1) 4.9 (± 2.1) 15.1 (± 5.4) 305.6 (± 124.8) 1.7 (± 0.7)

Fall Recovery
w.o Shared 57.7 (± 4.9) 57.7 (± 4.9) 7.2 (± 2.6) 19.0 (± 3.7) 240.0 (± 121.9) 2.5 (± 1.5)

w.o Vision 84.3 (± 3.6) 82.3 (± 3.8) 5.6 (± 2.2) 18.6 (± 4.5) 273.5 (± 129.3) 2.5 (± 1.8)

w.o History 91.0 (± 2.0) 89.5 (± 1.0) 5.4 (± 1.9) 18.2 (± 4.2) 293.5 (± 125.3) 2.3 (± 1.0)

VIGOR 90.5 (± 2.0) 89.3 (± 3.4) 5.4 (± 1.9) 14.1 (± 4.4) 287.5 (± 125.8) 1.8 (± 1.0)

configuration provides stronger guidance than joint supervision
alone. Using absolute pose tracking (AbsTrack) markedly
increases tracking error and reduces success, showing that
world-frame supervision degrades terrain transfer. In contrast,
removing privileged terrain samples (NoScandots) preserves
much of the raw success but leads to a pronounced drop
in safe success, indicating that terrain observations primarily
contribute to safety rather than to core motion coordination.
The full privileged Teacher consistently achieves the best
overall performance.

Student Ablations. Table IV reveals distinct roles for each
student component. Removing shared latent supervision (w.o
Shared) causes the largest degradation in both Stand-Up
and Fall-Recovery, substantially reducing success and safe
success. This confirms that distillation of the goal-in-context
representation is the primary driver of coordinated recovery.
Eliminating egocentric vision (w.o Vision) preserves moderate
raw success but consistently lowers safe success, especially
in Stand-Up, indicating that depth primarily improves terrain-
aware stabilization rather than basic recovery capability. Re-
moving temporal history (w.o History) slightly reduces Stand-
Up performance but has no negative effect on Fall-Recovery,
where it even achieves marginally higher success. This sug-
gests that Stand-Up benefits from temporal context, while
Fall-Recovery is dominated by rapid reactive control. Overall,
the full VIGOR model achieves the most balanced behavior,
combining high success, stronger safety, lower tracking error,
and reduced displacement. Notably, improvements in success
are generally accompanied by lower displacement and energy,
suggesting more efficient stabilization rather than more ag-
gressive control.

D. Real-World Experiments

We evaluate the student policy on a real Unitree G1 without
any task-specific tuning or parameter changes. Experiments are
conducted under two regimes: Stand-Up and Fall-Recovery,
each spanning multiple terrains and initialization conditions.

a) Fall-Recovery: Fall-recovery experiments are con-
ducted on three terrain types: flat ground, a raised platform,
and stairs. On flat ground, external pushes are applied from



Fig. 7: Real-world recovery performance across surfaces
and initial configurations. (Top) Stand-up. (Bottom) Fall
recovery across push directions; bars show success over five
trials per condition, with lighter segments indicating unsafe
successes. Vision improves terrain-aware reactions.

three directions–backward, forward, and sideways–to induce
diverse falling motions. On the platform terrain, the robot is
pushed forward off the platform edge, resulting in a forward
fall with a height change prior to impact. On stairs, two
push configurations are evaluated: a direct push toward the
stairs and a diagonal push across the stair direction, inducing
asymmetric contact sequences during descent and recovery.
Because external perturbations alone do not always produce
uncontrolled falls on hardware, the learned policy is disabled
during the initial disturbance and activated only once the robot
reaches a predefined fall angle. This angle is detected using
the projected gravity vector estimated from the onboard IMU,
ensuring that control is engaged only after a genuine falling
state with nonzero base velocity is observed.

b) Stand-Up: Stand-up experiments are conducted on
three terrain types: flat ground, a box obstacle, and stones.
On flat ground, the robot is initialized in prone, supine, and
sideways configurations, with randomized joint configurations
while in contact with the ground. On the box terrain, two
initializations are used: a seated configuration with the robot’s
back adjacent to the box, and a laying configuration with
the torso on the box, both with randomized joint angles. On
the stones terrain, the robot is initialized in prone and supine
configurations, reflecting uneven contact geometry under torso
and limbs. Across all stand-up experiments, the policy must
generate a sequence of whole-body actions that brings the
robot to a stable upright posture and maintains balance.

E. Real-World Results

Fig. 7 reports real-world performance on a Unitree G1 under
Stand-Up (top) and Fall-Recovery (bottom), grouped by terrain
and initialization or disturbance type. Representative images
for each evaluation setting are provided in Appendix.

Stand-Up. On flat terrain, both policies achieve similar
overall success, with small differences across specific initial

poses. As terrain complexity increases (box and stones), differ-
ences become clearer: while raw success remains comparable
in many cases, the blind policy exhibits lower safe success un-
der uneven contacts, whereas VIGOR maintains consistently
higher safety across initializations.

Fall-Recovery. For forward and backward pushes on flat
terrain, both policies recover successfully. However, under
more challenging disturbances, such as sideways pushes on flat
ground and stair interactions, the blind policy shows marked
drops in safe success. In contrast, VIGOR maintains high suc-
cess and markedly better safety, with the advantage becoming
even more pronounced in complex setups that require terrain-
aware reactions, such as diagonal stair pushes.

Effect of Vision. Vision does not universally improve raw
success in simple scenarios, and in some flat stand-up cases
the blind policy performs similarly. The primary benefit of
egocentric depth appears in enabling terrain-aware reactions
and safer contact-aware stabilization: under asymmetric con-
tacts and stair geometries, vision significantly reduces unsafe
recoveries while preserving high overall recovery rates.

V. LIMITATIONS

Our current formulation emphasizes robust reactive fall
recovery after loss of balance, providing a strong foundation
for safe post-disturbance behavior. While the policy already
exhibits stabilizing responses at fall onset, it is not yet jointly
trained with locomotion or long-horizon navigation. Extending
the framework to unify fall avoidance and recovery within
continuous locomotion is a promising direction for future
work. More broadly, our approach leverages sparse keyframe
demonstrations as high-level structural priors for training the
privileged teacher, enabling flexible recovery without over-
constraining motion. However, the use of sparse keyframe
supervision may limit motion fidelity in fine-grained contact
transitions. On the student side, recovery is encoded through a
compact goal-in-context latent that efficiently captures target
pose and local terrain, offering a scalable representation that
could be further enriched for highly multimodal scenarios.

VI. CONCLUSION

We present VIGOR, a unified framework for humanoid
fall safety that integrates fall mitigation and recovery within
a single vision-conditioned policy. By factorizing data com-
plexity into sparse human motion priors and independently
varying terrain, and by representing action goals through a
compact goal-in-context latent, VIGOR enables RL to resolve
contact timing and terrain-dependent execution without dense
demonstrations. A privileged teacher learns terrain-aware re-
covery strategies using sparse keyframes and terrain access,
which are distilled into a deployable student operating solely
from egocentric perception. Simulation and real-world results
demonstrate robust recovery across diverse terrains and initial
conditions, validating structured teacher-student learning as a
practical path to zero-shot sim-to-real humanoid fall safety.
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APPENDIX

This Appendix provides implementation details and ex-
tended results that complement the main paper and support
reproducibility; for further intuition and visual examples, we
refer the reader to the supplementary video.

A. Contribution Overview

This work makes the following contributions:
• Unified, visually grounded fall safety. To the best of

our knowledge, we present the first learning-based hu-
manoid fall-safety framework that unifies fall mitigation
and stand-up recovery within a single policy with visual
awareness, enabling safer behavior under complex and
uncertain environments.

• Factorized data formulation for fall recovery. We pro-
pose a factorized view of fall-recovery data complexity
that decouples human pose structure from terrain varia-
tion, enabling sample-efficient learning by combining a
small number of flat-ground human demonstrations with
large-scale terrain randomization in simulation.

• Visual goal-in-context distillation. We introduce a com-
pact goal-in-context latent that jointly encodes the next
target pose (guidance [26, 25, 39]), local terrain geometry
(environment awareness [1, 22]), and body state, distilled
from a privileged terrain-aware teacher and deployed in a
student policy using only egocentric depth and short-term
proprioceptive history.

• Comprehensive evaluation and real-world transfer.
We evaluate the approach across diverse simulated fall
recovery scenarios and demonstrate zero-shot transfer to
a real humanoid robot.

B. Future Work: Proactive Fall Avoidance

Our method, VIGOR, is particularly well suited to the
relatively short-horizon tasks of humanoid fall-recovery and
standing-up. Notably, the framework is completely decoupled
from the locomotion policy that initially caused the fall. As a
result, VIGOR emphasizes reactive fall response and recovery
rather than proactive fall avoidance during locomotion. Investi-
gating the interplay between robust humanoid locomotion and
fall avoidance is an exciting direction for future work.

C. Additional Implementation Details

Training hyperparameters for both the teacher (PPO) and
student (DAgger) policies are summarized in Table V. Policies
operate at 50Hz, while physics simulation runs at 200Hz
using four substeps per control step. Egocentric depth images
are rendered at 30Hz to match the real-world sensing rate.
Policy actions correspond to joint-space offsets, which are
scaled and clipped before being applied as position targets
to a low-level PD controller. Specifically, the policy output at
is mapped to desired joint positions as

qdes
t = qdefault + c · clip(at,−aclip, aclip),

where qdefault denotes the default joint configuration, c is a
fixed action scaling coefficient, and aclip bounds the action

TABLE V: Hyperparameters used for PPO and DAgger.

PPO (Teacher)

Number of GPUs (Sim) 1 × RTX 4090
Number of GPUs (Gym) NVIDIA A40
Number of environments 4096
Learning epochs 5
Steps per environment 24
Minibatch size 19576
Discount factor (γ) 0.99
GAE parameter (λ) 0.95
Clipping parameter (ϵ) 0.2
Entropy coefficient 0.005
Optimizer Adam
Learning rate 1× 10−3

Learning rate schedule Adaptive
Target KL divergence 0.01

DAgger (Student)

Number of GPUs 1 × RTX 4090
Number of environments 512
Optimizer Adam
Steps per environment 4
Learning rate 1× 10−4

magnitude. These desired joint positions are tracked using a
PD controller,

τt = Kp

(
qdes
t − qt

)
−Kdq̇t,

which outputs joint torques applied to the simulator.
Episodes are not terminated early upon failure; instead, the

policy is allowed to continue executing until the episode hori-
zon. This design encourages learning recovery behaviors from
a diverse set of failure states, including prolonged contact,
partial collapses, and unstable intermediate configurations.

D. Demos, Retargeting Constraints, and Reference Processing

Our model is trained using only nine flat-ground indoor fall-
recovery demonstrations (Fig. 12). Despite this coarse pose
guidance, VIGOR learns robust fall-recovery behaviors that
generalize to complex terrains (such as stairs and waves) in
simulation, enabling strong vision-based humanoid fall safety
in both challenging simulated and real-world settings.

These human demonstrations of fall–recovery motions in-
volve high-impact and multi-contact transitions. Direct retar-
geting can introduce kinematic artifacts such as excessive
pelvis or hip rotations and inconsistent contact timing. To miti-
gate these effects, we apply conservative joint-limit constraints
during retargeting, primarily on the pelvis and hip joints, to
maintain physically plausible configurations while preserving
high-level recovery intent. From each retargeted sequence, we
extract sparse keyframes by uniform temporal subsampling
(typically ∼5 Hz), which are used as structural priors rather
than strict trajectory targets. During training, environments
randomly sample both the reference sequence and temporal
phase to initialize diverse recovery configurations, including
early falling stages, and apply simple global transformations.
When operating on uneven terrain, reference poses are verti-
cally shifted using the coarse projection described in the main
text to avoid penetration and maintain clearance above the



local ground surface. To expose the policy to uncontrolled fall
dynamics, some episodes begin with a brief free-fall interval
in which a random subset of joint torques is suppressed; once
control is enabled, we optionally re-synchronize the reference
phase by matching the current base height to a small set of
candidate keyframes.

E. Observation and Architecture Details
Table VI summarizes the observations used by the teacher

actor, student actor, and critic.

TABLE VI: Observations used by the teacher policy, student
policy, and critic.

Input Dim. Teacher Student Critic

Base lin. vel. 3 × × ✓
Base ang. vel. 3 ✓ ✓ ✓
Projected gravity 3 ✓ ✓ ✓
Joint positions 23 ✓ ✓ ✓
Joint velocities 23 ✓ ✓ ✓
Previous action 23 ✓ ✓ ✓
Terrain heights 132 ✓ × ✓
Obs. history 10× 75 × ✓ ×

Motion
Local ref. body 3× 31 ✓ × ✓
Diff. local body 3× 31 × × ✓

Perception
Depth img 64× 64 × ✓ ×
Depth img history 3× 64× 64 × ✓ ×

F. Domain Randomization and Noise
To improve robustness and sim-to-real transfer, we apply

extensive domain randomization to dynamics and perception
during training (Table VII).

TABLE VII: Domain randomization and feature noise used
during training.

Parameter Range / Value

Dynamics Perturbations
Random push interval U [15, 20] s
Random push (xy) U [−1, 1] m/s
Ground friction U [0.5, 1.25]
Base CoM offset U [−0.05, 0.05] m
Link mass U [0.9, 1.1]
PD gains (Kp,Kd) U [0.9, 1.1]
Control delay {0, 1, 2} steps

Policy Input Noise
Base linear velocity N (0, 0.1) m/s
Base angular velocity N (0, 0.2) rad/s
Projected gravity N (0, 0.05) m/s2
Joint position N (0, 0.01) rad
Joint velocity N (0, 1.5) rad/s
Terrain heights N (0, 0.1) m

Visual Perturbations
Depth erasing p = 0.4, area [0.02, 0.10], ratio [0.3, 3.3]
Gaussian blur kernel 5, σ ∈ [0.01, 0.1]
Gaussian noise (depth) N (0, 0.005)
Image rotation ±5◦

Camera position jitter ±0.01 m
Camera pitch jitter ±0.087 rad (≈ ±5◦)
Depth clipping [0.1, 2.0] m

G. Evaluation Metrics

a) Success (Succ.): An episode is successful if the robot
stably reaches a reference standing configuration, with all
tracked links and the relative head height within a fixed
tolerance for a sustained duration.

b) Safe success (Succsafe).: Successful episodes with no
unsafe head proximity events, where hhead

t and hground
t denote

the head and local ground heights at time t:

1

T

∑
t

1
{
hhead
t − hground

t < 5
}
= 0.

c) Time (Time): Episode duration, where T is the num-
ber of timesteps and ∆t is the control timestep:

Time = T ∆t.

d) Tracking error (Track.): Root-mean-square error be-
tween root-relative link positions pj,t and reference positions
pref
j,t, where j = 1, . . . ,M indexes links:

Track. =

√√√√ 1

T M

T∑
t=1

M∑
j=1

∥∥pj,t − pref
j,t

∥∥2
2
.

e) Energy (Energy): Mean absolute mechanical power,
where τt and q̇t are joint torques and velocities:

Energy =
1

T ∆t

∑
t

∣∣τ⊤t q̇t
∣∣ .

f) Base displacement (Disp.): Horizontal base displace-
ment, where pbase

t,xy denotes the base position in the horizontal
plane:

Disp. =
∥∥pbase

T,xy − pbase
0,xy

∥∥
2
.

(1) Forward fall on sloped terrain

(2) Stand-up on stairs

(3) Side fall on wavy terrain

Fig. 8: Recovery scenario examples. Each row shows a
different terrain and initial condition, visualized over key
frames from left to right.

H. Additional Simulated Results

This section reports additional quantitative results for our
method evaluated in IsaacSim, covering both stand-up and
fall initializations. These results are included for completeness
and provide a controlled comparison across policy variants. In
real-world deployment, we found that policies trained using



TABLE VIII: Overall recovery performance in IsaacSim across all terrains under Stand-Up and Fall initializations. Realizability
Gap is the mean squared error between the student-predicted goal latent and the teacher goal latent.

Stand-Up

Method
Real. Gap

(×10−2) ↓ Succ. ↑ Succsafe ↑ Time ↓ Track. ↓ Energy ↓ Disp. ↓

w.o Vision 1.3 (± 0.5) 75.0 (± 4.3) 52.7 (± 5.0) 5.4 (± 2.5) 16.8 (± 5.0) 311.5 (± 150.6) 2.2 (± 1.0)

VIGOR 0.9 (± 0.2) 91.5 (± 1.5) 84.1 (± 3.9) 5.7 (± 1.0) 13.6 (± 4.6) 220.8 (± 95.7) 2.2 (± 1.0)

Teacher – 97.6 (± 1.5) 93.5 (± 3.9) 4.0 (± 1.0) 8.2 (± 3.0) 276.8 (± 113.0) 1.3 (± 0.4)

Fall Recovery

Method
Real. Gap

(×10−2) ↓ Succ. ↑ Succsafe ↑ Time ↓ Track. ↓ Energy ↓ Disp. ↓

w.o Vision 1.4 (± 0.9) 77.3 (± 4.1) 75.7 (± 4.2) 6.2 (± 2.4) 17.3 (± 3.9) 301.0 (± 137.5) 2.6 (± 1.4)

VIGOR 0.4 (± 0.8) 91.0 (± 1.9) 85.7 (± 2.2) 6.5 (± 1.1) 14.7 (± 3.6) 209.2 (± 86.2) 2.3 (± 0.)

Teacher – 98.8 (± 0.1) 90.7 (± 0.4) 5.3 (± 1.2) 9.4 (± 3.1) 241.8 (± 94.17) 1.8 (± 0.4)

TABLE IX: Real-world stand-up performance across surfaces and initial configurations.

Flat Box Stones Total

Model Metric Face Up Face Down Side Sitting Face Down Face Down Face up All Flat All Non-Flat

Unitree Default Succ↑ 5/5 – – – – – – – –
Succsafe↑ 5/5 – – – – – – – –

w.o Vision Succ↑ 5/5 5/5 3/5 5/5 4/5 4/5 3/5 13/15 16/20
Succsafe↑ 4/5 4/5 3/5 3/5 4/5 4/5 2/5 11/15 13/20

VIGOR Succ↑ 4/5 5/5 4/5 5/5 5/5 5/5 4/5 13/15 19/20
Succsafe↑ 4/5 5/5 4/5 5/5 5/5 5/5 4/5 13/15 19/20

TABLE X: Real-world fall-recovery performance across surfaces and push categories.

Flat Off Platform On Stairs Total

Model Metric Backward Forward Sideway Forward Direct Diagonal

w.o Vision Succ↑ 5/5 5/5 3/3 5/5 4/5 3/3 25/26
Succsafe↑ 4/5 5/5 0/3 5/5 3/5 0/3 13/26

VIGOR Succ↑ 5/5 5/5 5/5 5/5 5/5 5/5 30/30
Succsafe↑ 5/5 5/5 5/5 4/5 4/5 5/5 28/30

Note: For w.o Vision, only three diagonal-stairs and sideway push trials were conducted to avoid further hardware damage.

this setup transferred more reliably and exhibited improved
stability compared to the IsaacGym version. Table VIII sum-
marizes the overall performance under both Stand-Up and Fall
initializations.

Fig. 9: Sim-to-real camera mapping. Left: simulation ren-
dering. Right: real image captured by the G1 head-mounted
camera.

I. Real-World Sensing and Control

On the real robot, depth images are acquired from an Intel
RealSense sensor at a native resolution of 640 × 480 and a
frame rate of 30Hz. Prior to being provided to the policy,
each depth frame is center-cropped and resized to 64 × 64.
This preprocessing was adopted after several experiments in
which physical contact caused partial degradation near the
image boundaries, while the central region remained usable.
Proprioceptive measurements are streamed directly from the
motor system via Unitree Python SDK. The control policy
runs at 50Hz and outputs joint position targets for all actuated
joints. These targets are sent to the robot at the same rate. Low-
level torque control is handled internally by the motors using
built-in controllers running at 500Hz.

J. Real-World Results

This section expands on Fig. 7 in the main text and the re-
sults reported in Sec. E. Tables X and IX summarize the Fig. 7
results for clearer presentation. Each policy was evaluated
over five runs. For w.o Vision, only three diagonal-stair and
sideways-push trials were conducted to avoid further hardware



(1) Flat ground

(2) Stairs and Platforms

Fig. 10: Tested fall-recovery scenarios: (1) From left to right:
forward, sideways, and backward pushes on flat ground. (2)
From left to right: direct stair push, diagonal stair push, and
forward push off a platform.

(1) Flat ground

(2) Stones

(3) Box

Fig. 11: Tested stand-up scenarios: Top: from left to right,
prone, supine, and sideways stand-up on flat ground. Middle:
prone and supine stand-up on stones. Bottom: seated next to
a box and lying on a box.

damage. Figures 10 and 11 illustrate the tested scenarios. We
define a successful trial as one in which the robot reaches
and maintains a stable standing configuration for at least 7.5 s.
Safe success further requires that no head collision with the
environment occurs during the trial. As shown in Table IX, the
Unitree default controller succeeds only for face-up stand-
up on flat terrain and does not generalize to other initial
configurations or non-flat surfaces. It is therefore omitted from
the fall-recovery evaluation in Table X, highlighting the limited
robustness of hand-engineered stand-up routines.



Demo 1: fall forward

Demo 2: fall forward

Demo 3: fall backward

Demo 4: fall backwards left

Demo 5: fall backwards right

Demo 6: fall right

Demo 7: fall right

Demo 8: fall left

Demo 9: stand up from prone

Fig. 12: Human Fall Recovery Demonstrations. Each row shows one of the nine human demonstration used to shape the
learned recovery behaviors of VIGOR. Each demonstration is visualized with six key frames read from left to right. Our model
is trained solely on these nine flat-ground indoor fall-recovery demonstrations. Despite this coarse pose guidance, it learns
robust fall-recovery behaviors that generalize to complex terrains (such as stairs and waves) in simulation, enabling strong
vision-based humanoid fall safety in both challenging simulated and real-world settings.
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