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Fig. 1. Overview. Our method successfully catches diverse, unseen objects overhand and underhand using only an egocentric camera. Left: The real-world
object test set includes 9 unseen objects with variable size, compliance, and shape. Middle: Catching setup with human tossing an object selected at random
from the test set. Right: Egocentric view; this is the only camera in our setup.

Abstract—Catching arbitrary objects underhand and overhand
requires robots to adapt in real-time to changing visual obser-
vations, unseen object properties, and diverse contact dynam-
ics. This paper presents Catch It All!, a sim-to-real catching
framework for humanoid robots that generalizes to novel objects
with variable physical properties. Through careful reward and
curriculum design, we learn robust grasps capable of effectively
capturing objects both underhand and overhand. Meanwhile, our
safety-aware curricula facilitate effective exploration near actua-
tor limits to enable safe, high-frequency action execution. Catch
It All! is deployed zero-shot on a Unitree G1 humanoid without
any fine-tuning, successfully catching 9 real objects unseen during
training with varying deformability, geometry, mass, volume, and
restitution. We will release all real-world videos, code, and the
webpage after anonymous review is complete.

I. INTRODUCTION

Robotic catching is a dynamic interception problem that
requires low-latency, temporally precise coordination between
perception and actuation [4, 9]. Prior systems demonstrate
high-speed interception on quadrupeds and industrial manip-
ulators [3, 15, 4, 6], but remain limited in their ability to
generalize to different objects or underhand/overhand tosses.
We present Catch It All!, a generalizable dexterous catching
framework for underhand and overhand tosses that operates
with egocentric visual sensing without motion capture or
human demonstrations. Our contributions are: (1) generalizing
to novel objects in both underhand and overhand tosses
through grasp reward design and a toss curriculum, (2) safe
action execution near hardware limits via torque clipping
and reward penalty curricula, and (3) zero-shot sim-to-real
transfer, capable of catching objects unseen in simulation in
both underhand and overhand tosses.

II. RELATED WORK

Prior approaches to dynamic catching often reduce task
difficulty by simplifying physical interaction. Some works
utilize simplified end effectors such as nets [3]. Huang et al. [6]
tackle a multi-agent handover variant of dexterous catching,
while Zhang et al. [19] utilize mobile manipulators to expand
the workspace. However, existing dexterous catching work are
limited in their ability to generalize to different object types
due to simplified objects (e.g. sandbags, low rebound, simple
shape) or limited dexterity and grasping ability. Generalizable
catching remains an open problem, requiring robust grasps for
objects with varying shapes and physical properties.

Moreover, extending these capabilities to humanoid plat-
forms introduces additional challenges: compared to indus-
trial manipulators, humanoid actuators typically exhibit lower
torque limits and control bandwidth [7, 14]. Enabling dynamic
dexterous manipulation on such platforms requires safe action
execution at hardware limits.

III. METHOD

A. System Setup

Compared to industrial systems, humanoids often have
lower actuator bandwidth and coarser control resolution. Thus,
learning high-frequency, reactive control for arms while oper-
ating near hardware limits remains a roadblock for performing
dynamic dexterous manipulation tasks such as catching with
humanoids. So, we choose our hardware setup to tackle sim-
to-real transfer for dexterous catching with a humanoid arm.

We deploy on a seated Unitree G1 with a mounted ZED2i
for egocentric observations. The mounted 20-DoF House of



Fig. 2. Simulation objects. Top to bottom: irregular group, primitive objects,
and long axis objects. Only primitive objects are used for training.

Dextra hand [2] is accessible due to repairability and low cost,
while remaining smaller and lighter than other open source
options like the LEAP hand [17]. The palm is printed with
carbon fiber to remain safely within the G1’s payload capacity.

B. Policy Training

We formulate our catching task as a Partially-Observable
Markov Decision Process (POMDP) which can be described as
tuple M = (S,O,A,R, T , ρ, γ) with continuous state space
S partially observed by observation space O, action space A,
scalar reward function R : S×A → R, environment dynamics
function T : S × A → S, initial state distribution ρ, and dis-
count factor γ ∈ [0, 1]. The policy receives proprioception, 3D
object position extracted with SAM2 [12], and 3D bounding
box dimensions for the object. The arm is controlled with full
delta 6D pose, and the hand with joint control.

We train separate underhand and overhand policies. As seen
in Sec. IV-A2, due to noisy stereo depth readings and dropped
position prediction when objects leave the frame, exploration
is challenging for online RL. So, we adopt a teacher-student
framework: teacher policies are trained with PPO [16] with
ground-truth object position observations, then distilled to
student policies with noisy observations using DAgger [13].

To increase simulation throughput, we train on primitive
shapes with simple meshes, depicted in Fig. 2. We randomize
object friction, mass, scale, and restitution. Tosses are initial-
ized at 0.5m to 2.75m forward, ±1.0m lateral, and 0.25m
to 2.0m height, sampled at 40% short, 40% medium, and
20% long range. We also randomize observation delay, control
delay, toss delay, initial 6D hand pose, gravity, PD gains, link
masses and friction, and random force injections.

We use IsaacGym [11] for training and Mujoco [18] for
sim-to-sim evaluations. Our codebase extends Humanoid-
Verse [10]. Policies are trained and deployed on a single
workstation with a Ryzen 5 5600X CPU and RTX 4090 GPU.

C. Rewards

In order to generalize well to diverse, unseen objects,
we learn policies with robust grasps to successfully capture
objects and prevent them from bouncing or slipping out of
the hand. In Sec. IV-A4, we show a key reward term is our
fingertip-object surface distance reward. Contact-based and
stability rewards from prior work [19] struggle to generalize
across our diverse evaluation objects, while our distance-based
fingertip-surface reward is designed to provide denser signal as
fingers approach the object, or when all fingers cannot touch
the object simultaneously (e.g. small/irregular objects).

TABLE I
REWARD TERMS. RL TEACHER CATCHING POLICY.

Reward Term Equation Scale

Task

Approx
Fingertip-Obj
Surface Dist

exp(−10(max
ftip

∥p∗ − pobj∥ − robj)) 4.0

Obj-Palm Dist exp(−2∥pobj − ppalm∥) 4.0

Obj Height clip(pzobj − 0.2, 0.0, 1.3)/1.3 1.0

Posture / Contact

DoF Default Pos ∥q − qdefault∥1 −1.0
Body Collision ∥Fbody∥1 −2.0
Arm Collision ∥Farm∥1 −1.0

Joint Regularization

DoF Track Error ∥q − qtarget∥2 −0.1
Action Rate ∥at − at−1∥2 −0.01
DoF Smoothness ∥at − 2at−1 + at−2∥2 −0.05
DoF Power ∥|q̇| ⊙ |τ |∥1 −2e−5
DoF Vel ∥q̇∥2 −1e−4
DoF Acc ∥q̈∥2 −2.5e−7
Torques ∥τ ⊘Kp∥2 −2.5e−6
DoF Pos Lims ∥(qmin−q)+ + (q−qmax)+∥1 −2.0
DoF Vel Lims ∥[|q̇| − 0.8q̇max]+∥1 −2e−3
Torque Lims ∥[|τ | − 0.95τmax]+∥1 −0.1
Action Vanish ∥[a− amax]+ + [amin − a]+∥1 −1.0

Hand Regularization

Hand Pos Rate ∥phandt − phandt−1 ∥ −0.05
Hand Smoothness ∥phandt − 2phandt−1 + phandt−2 ∥ −0.05
Hand Orientation ∥gxyhand∥

2 −0.025

We supplement our grasping reward with object-hand dis-
tance and object height task rewards to aid exploration. We
additionally use common penalty rewards for humanoid tasks
to regularize robot behavior (self-collisions; joint vel, acc,
torque; joint pos, vel, and torque limits; default joint pos
displacement; etc) [1, 5]. Equations for reward terms are
available in Table I.

D. Curricula

Toss target curriculum. Learning overhand catching via
random exploration is particularly difficult. To address this,
we implement a toss target curriculum: initially, objects are
thrown exactly 0.1m above and 0.1m behind the hand initial
position, encouraging upright hand orientation when catching.
As training progresses, the toss target range is expanded to fill
the complete range of feasible overhand catches.

Torque clip curriculum. With the low torque limits of the
Unitree G1 arm (as low as 5N·m), naive torque clipping yields
policies that output torques exceeding hardware limits. To
address this, we propose a torque clipping curriculum: initially,
torques are clipped at nominal torque limits to enable effective
exploration. As training progresses, the torque clip limits
increase to 2× nominal torque limits, while torques beyond
nominal limits are penalized in the reward, allowing the policy
to explore effectively near actuator limits. Per Sec. IV-A2 and
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Fig. 3. Robustness and generalization. We evaluate how well our underhand and overhand policies generalize to new object geometries, as well as their
robustness to mass, volume, and restitution randomizations. Primitive objects are seen during training, while irregular and long-axis objects are unseen during
training. 95% CIs are shown via error bars and shaded regions. With 32,768 evaluation episodes, some CIs may be too small to see. Best viewed zoomed.

TABLE II
BASELINE SIM-TO-SIM SUCCESS RATE (%) WITH 95% CIS.

Method Underhand Overhand

RL Only, Real Obs 0.1 ± 0.4 0.9 ± 0.7
RL G.T. Obs w/o Torque Clip Curr 43.8 ± 2.7 8.8 ± 1.7
RL G.T. Obs (ours, teacher) 81.6 ± 2.2 22.1 ± 2.4
DAgger Real Obs (ours, student) 56.3 ± 2.7 37.0 ± 2.7

IV-A3, the torque clip curriculum improves performance while
exhibiting lower joint mechanical power over time.

Penalty curriculum. Following [5, 10], we implement a
penalty curriculum which scales joint and hand regularization
penalties from 1× to 20×. Combined with the torque clip cur-
riculum, this yields progressively greater penalties for actions
beyond nominal torque limits, ensuring safer behavior.

IV. EXPERIMENTS

A. Simulation and Sim-to-Sim Transfer Evaluations

1) Experimental Setup: We evaluate 32,768 episodes per
policy in IsaacGym. Additionally, we report sim-to-sim trans-
fer results in Mujoco with 1280 episodes per policy to test
performance under different contact dynamics, friction, and
collision response while providing larger-scale evaluations
than is possible with real human-thrown tests.

For IsaacGym evaluations, we maintain all randomizations
described in Sec. III-B. For sim-to-sim evaluations, we do not
perform additional dynamics randomizations, however we do
add observation noise and camera latency. Since the Unitree
API does not limit torque output, torque clipping is disabled
for all evaluations. See Fig. 2 for objects used in evaluation.

2) Performance and Generalization: Does our method
show strong generalization to unseen objects with variable
physical properties? To evaluate performance and general-
ization, we provide four baselines:

1) RL Only, Real Obs: RL policy trained directly on
noisy/dropped object positions. As described in Sec.
III-D, the torque clip and penalty reward curricula are
enabled for underhand and overhand throws, and the toss
target curriculum is enabled for overhand throws.

2) RL G.T. Obs w/o Torque Clip Curr: RL policy trained
on ground-truth (G.T.) object positions, with the torque
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Fig. 4. Joint mechanical power. We plot mechanical power summed across
joints, averaged over 32,768 episodes per policy. 95% CIs are shown via
shaded regions (some may be too small to see). Best viewed zoomed.

clip curriculum disabled. The remaining curricula are
used as in (1).

3) RL G.T. Obs (ours, teacher): RL policy trained on
ground-truth (G.T.) object positions. All curricula are
enabled as in (1). This policy is used as the teacher for
the sim-to-real deployed student policy.

4) DAgger Real Obs (ours, student): DAgger student
policy distilled from teacher policy (3). During student
training, all curricula and torque clipping are disabled.
This is the policy used for sim-to-real deployment.

Fig. 3 and Table II shows that baseline (1) (RL only, real
obs) is ineffective, with near-zero success rate in sim and
sim-to-sim evaluations. Baseline (2) shows that RL teacher
policies trained on G.T. observations without the torque clip
curriculum see degraded sim performance and very poor sim-
to-sim transfer, indicating poor robustness to novel dynamics.

Meanwhile, our teacher policy (3) trained with the torque
clip curriculum significantly outperforms baseline (2) without
the torque clip curriculum in sim and sim-to-sim evaluations,
highlighting the effectiveness of our proposed curriculum
when operating at hardware limits. Our student policy (4) also
greatly outperforms the RL-only baseline (1).

Notably, both our teacher and student show strong ro-
bustness across restitution, slow decrease in performance as
mass and volume increase, and good sim-to-sim transfer.



TABLE III
REWARD TERMS SIM AND SIM-TO-SIM SUCCESS RATE (%) WITH 95% CIS.

Reward Sim Sim-to-Sim

Underhand Overhand Underhand Overhand

Object-Palm Distance Only 73.8 ± 0.5 58.5 ± 0.5 16.2 ± 2.1 8.2 ± 1.6
Object-Palm Stability [19] 17.1 ± 0.4 31.2 ± 0.5 18.0 ± 2.2 10.2 ± 1.8
Fingertip/Palm-Object Contact 9.0 ± 0.3 22.9 ± 0.5 5.8 ± 1.4 3.4 ± 1.1
Fingertip-Object
Surface Distance (ours) 79.5 ± 0.4 60.0 ± 0.5 81.6 ± 2.2 22.1 ± 2.4
Fingertip Distance +
Fingertip/Palm-Object Contact 33.1 ± 0.5 31.1 ± 0.5 15.3 ± 2.1 1.1 ± 0.7

Although our policies are only trained on primitive objects,
they generalize well to irregular object types. However, perfor-
mance degrades for long-axis objects, which have high angular
velocity not captured by our state parameterization. Overall,
our method shows strong generalization to unseen irregular
objects with variable physical properties.

3) Safe Action Execution via Torque Clip Curriculum:
Does our proposed torque clip curriculum yield safer ac-
tion execution? As shown in Sec. IV-A2, the torque clip cur-
riculum results in improved sim and sim-to-sim performance.
To investigate safe action execution, in Fig. 4 we plot summed
joint mechanical power per timestep for baselines (1)-(4) from
Sec. IV-A2. Our method with the torque clip curriculum shows
low mechanical power for underhand and overhand tosses,
whereas RL policies trained on G.T. observations without
the torque clip curriculum exhibit much higher mechanical
power. This demonstrates the effectiveness of our proposed
curriculum in ensuring safe action execution.

4) Reward Ablation: Does our proposed fingertip-object
surface reward improve catching performance? We com-
pare five reward terms for learning effective capture during
catching. Each policy utilizes all curricula as described in Sec.
III-D. Object-palm distance, object height, and penalty terms
described in Sec. III-C are kept the same. The default reward
scale for the following rewards is 4.0:

1) Object-Palm Distance Only: Reward increases as dis-
tance between the object and palm decreases. Since
this reward term is included by default with a reward
scale of 4.0, we simply increase the reward scale to 8.0:
exp(−2∥pobj − pgoal∥)

2) Object-Palm Stability: We incorporate the object sta-
bility reward from [19], which increases with the cumu-
lative time the object is in the hand: ∆t/50.0

3) Fingertip/Palm-Object Contact: First, reward in-
creases for each finger in contact with the object up
to 3 fingers. Second, if two fingers contact the object, a
bonus is given for palm contact as well: 0.1 · I[nfinger ≥
1] + 0.2 · I[nfinger ≥ 2] + 0.4 · I[nfinger ≥ 3] + 0.3 ·
I[nfinger ≥ 2] · I[palm contact]

4) Fingertip-Object Surface Distance (ours): Reward in-
creases as the max distance from any finger to the object
surface decreases: exp(−10(max

ftip
∥p∗ − pobj∥ − robj))

5) Fingertip Distance + Fingertip/Palm-Object Contact:
Reward terms (3) and (4) are combined, each given an
equal weight of 2.0.

Our fingertip-surface distance reward shows significant im-

TABLE IV
REAL-WORLD UNDERHAND AND OVERHAND CATCH SUCCESS RATE (%)

Object Underhand SR (%) ↑ Overhand SR (%) ↑

Plush 50.0 33.3
Deformable 25.0 41.7
Rigid-Bouncy 41.7 33.3

All Objects 38.9 36.1

provement in success rate for underhand and overhand in sim
and sim-to-sim evaluations compared to other terms, including
the object-palm stability term from prior work [19]. This
demonstrates the effectiveness and necessity for this reward
formulation for improving catching performance.

B. Real-World Experiments

We validate the generalization capability of our method
through real-world underhand and overhand using objects
unseen during training, pictured in Fig. 1. To ensure sufficient
variety, we choose objects across three major categories:

1) Plush (panda, turtle, sandbag): low rebound on con-
tact, similar to sandbags used in prior work [6, 19].

2) Deformable (Takis, strawberry, pineapple): de-
formables are unsupported by rigid-body simulators.

3) Rigid-bouncy (green bowl, ellipsoid, bear): rebound
off rigid surfaces, to test object capture ability.

For each real object in Fig. 1, we perform 1 long (>1.8m),
2 medium (1.4m to 1.8m), and 1 short (1.0m to 1.4m)
toss. Shorter tosses require fast reaction time, while longer
tosses require strong tracking. As seen in Table IV, we achieve
a catching success rate of 38.9% for underhand and 36.1%
across a diverse set of objects, demonstrating our method’s
strong sim-to-real transfer capability and generalizability. Per-
object success rates are available in Appendix A.

Teleoperation baseline. We provide a teleoperated catching
baseline using a bi-manual setup [8] based on Homie [1] which
runs at 15 Hz. Even with an expert teleoperator, only 3/44
tosses were successful, a 6.8% success rate. The high latency
and low control frequency of teleoperation make real data
collection infeasible for such dynamic tasks, motivating our
choice of online RL with high-throughput simulation.

V. CONCLUSION

We present Catch It All!, a framework for dynamic under-
hand and overhand catching with a dexterous hand. Through
careful reward and curriculum design, we learn dexterous
catching policies which generalize to unseen objects with
diverse physical properties while operating near hardware
limits. However, there remains room for improvement in the
performance of our system, and we do not apply our frame-
work to whole-body control. Therefore, in the future, we plan
to extend our framework for dynamic dexterous manipulation
near hardware limits to whole-body control, increasing the
workspace and potentially improving system performance.
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APPENDIX

A. Real-World Results

Full per-object real-world success rates are provided below
in Table V. For each real object in Fig. 1, we perform 1 long
(>1.8m), 2 medium (1.4m to 1.8m), and 1 short (1.0m to
1.4m) toss. Shorter tosses require fast reaction time, while
longer tosses require strong tracking.

TABLE V
REAL-WORLD UNDERHAND AND OVERHAND CATCH SUCCESS RATE (%)

Object Underhand SR (%) ↑ Overhand SR (%) ↑

Plush

Panda 75.0 25.0
Turtle 25.0 50.0
Sandbag 50.0 25.0

Deformable

Takis 25.0 75.0
Strawberry 25.0 25.0
Pineapple 25.0 25.0

Rigid-Bouncy

Green Bowl 50.0 25.0
Ellipsoid 25.0 50.0
Bear 50.0 25.0

All Objects 38.9 36.1
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