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Abstract—Dexterous manipulation is physics-intensive and
highly sensitive to modeling errors and perception noise, making
sim-to-real transfer prohibitively challenging. Domain random-
ization (DR) is commonly used to improve the robustness of
learned policies for such tasks, but conventional DR randomizes
one instance per episode, offering very limited exposure to the
variability of real-world dynamics. To this end, we propose
Domain-Randomized Instance Set (DRIS), which represents and
propagates a set of randomized instances simultaneously, pro-
viding richer approximation of uncertain dynamics and enabling
policies to learn actions that account for multiple possible
outcomes. Supported by theoretical analysis, we show that DRIS
yields more robust policies and alleviates the need for real-
world fine-tuning, even with a modest number of instances (e.g.,
10). We demonstrate this on a challenging reactive catching
task. Unlike traditional catching setups that use end-effectors
designed to mechanically stabilize the object (e.g., curved or
enclosing surfaces), our system uses a flat plate that offers no
passive stabilization, making the task highly sensitive to noise
and requiring rapid reactive motions. The learned policies exhibit
strong robustness to uncertainties and achieve reliable zero-shot
sim-to-real transfer.

I. INTRODUCTION

Dexterous manipulation refers to the robot’s ability to skill-
fully manipulate objects through coordinated and intentional
contact interactions, e.g., in-hand manipulation [4, [10], tool
use [25], pushing [13], catching [24], etc. Such tasks often
require well-planned contact, timing, and motion to achieve
stable and adaptive control over object behavior. Moreover,
they often introduce a substantial sim-to-real gap, as the
success of such tasks can be highly sensitive to inaccuracies
in estimating the underlying dynamics and physical proper-
ties such as contact geometry, frictions, object inertia, and
compliance. Even small discrepancies between simulation and
the real world can lead to large deviations in manipulation
behavior and ultimately cause task failure.

Traditional model-based frameworks depend on known sys-
tem parameters to achieve accurate prediction and control [§]].
However, in practical manipulation scenarios, properties such
as contact stiffness, friction coefficients, and object geometries
can greatly vary between environments and are difficult to pre-
cisely identify. Learning-based methods address these limita-
tions by training policies with extensive domain randomization
or data augmentation over uncertain physical parameters in
simulation [32], improving the robustness to these uncertain-
ties when deployed in the real world. Yet, tasks involving very
dynamic, contact-rich interactions remain difficult to learn, as

Fig. 1: Robot reactive catching of a rubber ball using a
flat plate. The second row shows sequential impacts during
the catching motion, where the final frame depicts the ball
successfully stabilized on the plate; the yellow arrows indicate
the ball’s trajectory at the moments of impact.

their success hinges on precise coordination of contact timing
and force modulation under uncertainty.

Domain randomization is traditionally performed by per-
turbing relevant physical parameters during data collection,
e.g., sampling one object instance with randomized properties
in each rollout and training policy on the collected rollouts.
While this exposes the policy to diverse experiences, it lacks
a structured mechanism for the policy to reason about how
uncertainties affect possible manipulation outcomes. In con-
trast, if such uncertainties are explicitly incorporated into the
task representation itself, the policy can learn to generate
actions that compensate for them and plan with respect to a
distribution of possible outcomes, thereby mitigating the sim-
to-real gap introduced by these uncertainties.

To this end, rather than training a policy on individual



manipulation instances with randomly sampled physical pa-
rameters (as is done in conventional domain randomization),
we propose Domain-Randomized Instance Set (DRIS) that
explicitly models a distribution of possible physical variations
encountered during manipulation. Our proposed DRIS con-
tains multiple parallel instances (e.g., objects with different
physical properties), all of which are propagated simultane-
ously. Their state evolutions under a shared action jointly
inform the policy update. As a result, the learned policy
becomes inherently tolerant to the uncertainties encoded in
DRIS, leading to improved robustness against the sim-to-real
gap (e.g., enabling reliable zero-shot transfer).

To demonstrate the effectiveness of the proposed learning
strategy, we consider a highly challenging reactive catching
task illustrated in Fig. [Il Unlike traditional catching setups
that employ curved or concave end-effectors such as cups [14],
nets [[16], or articulated hands [6], to mechanically stabilize the
object after impact, our setup uses a flat and low-friction plate
rigidly attached to the robot’s end-effector. As a result, the
system becomes highly sensitive to physical uncertainties or
perception errors, where even small errors in contact timing,
plate orientation, or unwanted lateral forces can cause the ball
to bounce off or roll away from the plate.

In this work, we propose a robust learning strategy for dy-
namic manipulation, demonstrated through a challenging robot
reactive catching case study. Our key technical contributions
are summarized as follows:

1) We propose Domain-Randomized Instance Set (DRIS)
as a representation to capture the uncertainty in system
dynamics induced by physical parameter variations;

2) We propose a DRIS-based data collection and policy
learning paradigm that enables simultaneous handling
of multiple task instances, yielding more stable and
robust policy learning and improved zero-shot sim-to-
real transfer than the traditional paradigm, supported by
theoretical analysis;

3) We instantiate the framework on a challenging reactive
catching problem with a tailored task representation and
policy architecture, and validate our framework through
both simulation and real-world experiments.

II. RELATED WORK

Reinforcement Learning for Dexterous Manipulation. Un-
like traditional analysis-based approaches sensitive to mod-
eling errors, Reinforcement Learning (RL) learns directly
from data, making it advantageous for the complex contact
dynamics of dexterous manipulation. RL has successfully
solved tasks including in-hand manipulation [4, [10], catch-
ing [11, juggling [35], deformable object manipulation [11],
and regrasping [34]. However, these data-intensive methods
typically require large-scale high-fidelity simulation or expert
demonstrations to facilitate real-world transfer.

Sim-to-Real Transfer in Robotics. Bridging the sim-to-real
gap caused by sensing and contact discrepancies is a central
challenge. Beyond Domain Randomization (DR), researchers
utilize high-fidelity simulators [47} 39, 26] or explicitly bridge

the gap via adaptive system identification [50, 22, |42]] and
hybrid dynamics learning [3 [23]. While these techniques
enable zero-shot transfer [45]], reliable deployment for dy-
namic manipulation remains difficult due to the discontinuous,
stochastic nature of high-speed contact dynamics.

Domain Randomization in Robot Learning. Since real-world
data collection is costly, DR is essential for reducing the
simulation gap in contact-rich tasks [29] [20]. Randomization
strategies have evolved from visual and geometric proper-
ties [43l 46| to kinematic [15] and dynamic parameters [32].
While active DR optimizes sampling distributions to improve
transfer [37, 9, 27, 28| 144], it typically requires real-world
rollouts. In this work, we instead randomize multiple instances
simultaneously and train over their joint evolution to achieve
zero-shot transfer for challenging tasks such as catching.

Representing Uncertainty in States and Dynamics. Robotics
has extensively studied uncertainty representation. Classical
methods employ belief-space planning via POMDPs [36]
7, 121]. Learning-based approaches incorporate uncertainty
through probabilistic latent dynamics [[17, [18], history-based
parameter inference [30, 41], or ensembles for model-based
RL [12]. Complementary to these, recent work learns belief
embeddings to explicitly encode uncertainty for policy condi-
tioning in partially observable settings [48]].

Dexterous Robot Catching. Catching typically requires fast
prediction and reactive motion. Prior work evolved from
optimization-based planning [6] and probabilistic models for
uneven objects [24] to deep learning-based policies on mobile
manipulators [51]. However, most rely on mechanically assist-
ing end-effectors like cups [31} [14} [1]], nets [16], or articulated
hands [38 [19]. In contrast, we use a flat plate without
mechanical stabilization. Unlike similar flat-surface work [5]]
limited to specific objects and a number of rebounds, our
approach handles diverse conditions without such restrictions.

III. LEARNING MANIPULATION POLICY WITH
DOMAIN-RANDOMIZED INSTANCE SET

A. Dexterous Manipulation as Policy Learning

We consider the dexterous manipulation problem in which
a robotic manipulator interacts with an object through contact-
rich dynamics. We define the domain space C as the set
of all relevant physical parameters that influence the system
dynamics, such as robot characteristics (e.g., stiffness), object
geometry and physical properties (e.g., friction). Each ¢ € C
represents a specific domain instance that induces a particular
realization of the system dynamics. These parameters are often
difficult to measure accurately, but they can substantially affect
the object’s motion during manipulation.

The problem is formulated as a discrete-time Markov De-
cision Process (MDP). At time step t, the system observes
a state s; € S, executes an action a; = 7(s;) € A
according to a robot policy 7(-), and transitions to the next
state s¢11 = f (s, a4, ¢), where the dynamics f depend on
the domain parameter c. Different values of ¢ (e.g., object
properties) lead to distinct motion behaviors even under the



same robot action. At each step, the system receives a scalar
reward 1, = 1 (8¢, a;) € R.

The objective is to find an optimal policy 79 : S — A,
that maximizes the expected return (i.e., cumulative reward),
where 7 € [0,1) is a discount factor:

T-1
Z v r (st at)]

t=0
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In deep reinforcement learning (DRL), the policy 7y is mod-
eled by a neural network parameterized by 6, and optimized
via gradient-based update using data collected from robot-
object interactions.

B. Domain-Randomized Instance Set (DRIS)

In practice, physical parameters ¢ are difficult to identify
accurately, introducing uncertainty into manipulation dynam-
ics. To improve robustness, most approaches model the dy-
namics stochastically as a probability P (s;41|s:, a;) and
apply domain randomization to approximately capture this
stochasticity, typically by sampling a single parameter instance
per episode in standard model-free RL [32]. More recent
methods further adapt the sampling distribution using real-
world data [37} 44]. However, these strategies still predict only
individual next states, and do not explicitly model how the
distribution of possible states evolves over time.

Inspired by prior work on set-based representations [49],
rather than propagating a single state s;, we instead propagate
a set of possible states S; C S simultaneously under a
shared robot action, reflecting the effects of physical variations
across different domain parameters. Specifically, we construct
a discrete set C C C of N manipulation instances (indexed by
1) by uniformly sampling from the domain space:

¢={e }N
i=1’
We then define the Domain-Randomized Instance Set (DRIS)

as the collection of state-parameter pairs associated with these
sampled instances:
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where sﬁ” in each element denotes the state of the 7-th manipu-
lation instance, as it evolves at time ¢ under its corresponding
domain parameter ¢, For clarity, we also extract the state
of all instances in the DRIS to form another set (i.e., the

projection of D; onto the state space S):
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We extend the system dynamics by introducing a new function
F to evolve the entire instance set:
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C. Zero-Shot Sim-to-Real Learning

Since DRIS defined in Sec. inherently embeds un-
certainties into its representation, integrating DRIS into policy
learning in simulation enables more robust sim-to-real transfer
without fine-tuning. Because the DRIS size N may vary
and because the robot will manipulate only a single instance
(although trained with multiple instances in DRIS) in real de-
ployment, the policy must take an input whose dimensionality
is independent of N. Thereafter, we require a compact and
size-agnostic representation of DRIS. To this end, we employ
an encoder 1)(-) that maps the DRIS state (i.e., S;) to a fixed-
dimensional latent vector z; = 9 (S;) € R%, where d, is the
latent dimension and remains constant regardless of the size
N of D;. A policy that directly operates in this latent space
is then learned by solving:
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Compared to conventional DR, we summarize the benefits of
DRIS in Theorem

Theorem III.1 (DRIS improves stability and robustness).
Relative to conventional domain randomization, DRIS is an
exact particle approximation for the system belief propagation.
Consequently, DRIS yields a more stable optimization, more
robust policies, and improved sim-to-real generalization. (See

for detailed analysis and proofs.)

As illustrated in Fig. [2] (left) with a catching task, DRIS
can typically be implemented by a set of multiple object
instances, each initialized with different physical properties
(domain parameters) such as shape, weight, and friction. The
instances evolve independently, i.e., they do not interact with
one another, and their respective state transitions under the
same robot action are evaluated in parallel for policy update.

After training, the policy can be deployed in the real world
without fine-tuning: The observed single real-world state s
(equivalent to a DRIS of size NV = 1) is encoded and provided
as input to the trained policy, repeatedly until the task is

finished (see for detailed algorithmic pipeline).
IV. REACTIVE CATCHING CASE STUDY

We instantiate the proposed DRIS-based learning strategy
on the problem of reactive ball catching with an M -DoF robot
manipulator. As illustrated in Fig. [T} the robot is equipped with
a flat plate rigidly attached to its end-effector and is required to
catch a ball thrown toward it. To successfully perform this task,
the robot must approach and make contact with the incoming
ball, absorb its kinetic energy through controlled motions, and
subsequently stabilize and balance the ball once it comes to
rest on the plate.
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Fig. 2: The reactive catching problem instantiation. Left: Randomized parameters in DRIS. Right: Components used to represent
the problem: (a) The motion frame is defined at the plate’s initial position p§ and rotated about the Z-axis by angle ¢ so
that its X-Z plane passes through the incoming ball. (b) The robot has moved from the initial ghosted to the current opaque
configuration. The system state consists of the ball’s relative displacement d; (green arrow) to the plate and its linear velocity
v; (blue arrow), both expressed in the motion frame; these two quantities are decomposed with respect to the plate’s normal
vector 1, (yellow arrow) to define the reward. (c) The action comprises a translation of the plate §; (black arrow) and a tilting
configuration: angle oy (green) specifies a horizontal axis w; (red arrow), about which the plate is rotated by angle 3; (blue).

A. Problem Representation

To enable a more compact problem representation and
ensure the catching policy is invariant to the ball’s incoming
direction, we define a fixed motion frame relative to the ball at
t = 0 (the beginning of manipulation). All task-related quanti-
ties (e.g., state and action) are expressed in this motion frame.
As shown in Fig. 2] (right-a), the motion frame is constructed
with its origin at the plate’s center, its Z-axis aligned vertically
upward, and its X-Z plane passing through the ball’s center.
The transformation from the robot’s base frame to the motion
frame is denoted by T}, = (R.(¢), p§) € SE(3), where
R.(¢) € SO(3) denotes a rotation about the Z-axis by angle
¢ and p§ € R? represents the plate’s center position at ¢ = 0,
expressed in the robot’s base frame.

State. The state of the system consists of the ball’s dis-
placement relative to the plate’s center and its linear velocity,
both expressed in the motion frame. Specifically, as shown in
Fig. [2| (right-b), the state is denoted as s; = (d;, v;) € RS,
where d; = R.(¢)" (py — pf) € R3 is the displacement
of the ball (with position p?) relative to the plate’s center
(with position pf) at time ¢, expressed in the motion frame;
v, = R.(¢) vy € R3 is the ball’s linear velocity v
transformed into the motion frame.

Action. The action is defined as a; = (d;, u;) € R?, where
8; € R? denotes the displacement command of the plate’s
center expressed in the motion frame, i.e., the corresponding
target position of the plate’s center in the robot’s base frame
is computed as pf = R.(¢)d: + p§. The remaining action
component u; = (ay, 3;) € R? represents the target tilting
configuration of the plate in 3D. Specifically, the plate is
rotated about a horizontal axis w; = (cos ay, sin ay, O)T by
an angle B;, where oy € [0, 27) and B; € [0, w/4). This
rotation tilts the plate’s normal vector n; € R? as illustrated
in Fig. [2] (right-c). During execution, the complete action a;
is converted into a desired plate pose, which is then used to
command the robot via joint torque control, as will be detailed
in Sec.

Reward. Given the observed state s; = (d;, v;) and the

plate normal n; € R?® with ||n.|| = 1 (all in the motion
frame), we decompose the ball’s displacement and velocity
into components perpendicular and parallel to the plate surface
dy, dH’ v, Y| € R, as in Fig. 2| (right-b):

d“ = ||dt — dJ_ . nt||

o = [loe —v1 - my|
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The reward is the sum of a velocity term r, € (0, 1] (which

yields a higher value when the ball’s velocity is kept lower)

and a constant penalty term 7, = —1 applied when the ball
moves beneath or outside the plate:

Ty = ’I‘(St, a’t) =Ty + Tp,

2 2
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= - - - 8
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where 77 € R in the r, term is a decay coefficient controlling
the sensitivity to ball velocity, and I, € R in r, term denotes
the plate’s size (e.g., half length).

B. Training with DRIS

For the reactive catching problem, we consider four phys-
ical properties as the domain parameters: the ball’s radius,
static friction, dynamic friction, and restitution coefficient, i.e.,
C c R* As shown in Fig. in each episode, we spawn
N balls whose physical properties are independently sampled
from C to construct the DRIS. In a vectorized representation,
the DRIS state is formed by concatenating the states (i.e.,
relative disgnlacements and velocities) of these ball instances,

I
@
b
o

ie, S = (s, s} e RVx6,

As described in Sec. [[II-C} an encoder 1)(+) is required to
transform the DRIS state into a latent vector in a compact
feature space. The encoder must be size-agnostic to the DRIS
size N, mapping any set to a fixed-dimensional latent feature
z; € R% where d. denotes the dimension of the latent
feature space. We adopt a point cloud-based Autoencoder
(AE) [2] and extend its input dimensionality from 3D to 6D
by incorporating both the positions and velocities of balls.
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Fig. 3: Schematic overview of the DRIS-based learning pipeline. Step I (Left): The DRIS encoder is pre-trained to reconstruct
the input DRIS state. Step 2 (Right): The policy network is trained via RL using the pre-trained (and frozen) DRIS encoder.
At the beginning of each simulation episode, the physical property ¢(*) of each ball instance in the DRIS is randomized; at
each time step, the DRIS state S; is encoded and fed to the policy mg to generate an action a;.

The point cloud AE consists of an encoder built from 1D
convolutional layers followed by a feature-wise max-pooling
layer to extract features of the input set, and an MLP-based
decoder that reconstructs the original set from the latent
feature. We collect a dataset of DRIS samples by executing
random robot actions, and pre-train this AE to reconstruct
DRIS state using the Chamfer distance as reconstruction loss:

Z mmHs Z m1n||sf.s’H2

SES s'e s'es
)

where S; and S denote the input and reconstructed DRIS state,
respectively. The encoder from the pre-trained AE is then used
as ¢(-) for downstream policy learning.

With RL, at each training step, the pre-trained encoder
transforms the observed DRIS state S; into a latent vector z;;
the policy, operating in the latent feature space (as detailed in
Sec. [IV-C)), is trained using a policy gradient algorithm such
as Proximal Policy Optimization (PPO) [40].

Ly(S:,S 8% +

C. FiLM-Conditioned Policy Network

The policy 7g consists of two components: a Feature-wise
Linear Modulation (FiLM) [33]] module and an MLP-based
action generation network, as illustrated in Fig. [3]

At each step ¢, given the encoded state feature z; and
the observed plate tilting orientation w; (which serves as the
conditional signal), the FiLM module applies a feature-wise
affine transformation:

Zy = FILM (z¢, ug) = A (ug) © ze + o (ug)  (10)

where A (u;), p(u;) € R% are outputs of two small neural
networks that generate scaling and bias coefficients, and ®
denotes element-wise multiplication. The FiLM-modulated
feature Z; € R is then passed through an MLP-based action-

generation network to produce the action a;:
= MLP (2;) = MLP (FiLM (2, u;))  (11)

The policy parameters 6 include the learnable weights of the
FiLM modulation networks A(-) and u(-) as well as those of

as = ﬂ'g(zt)

the action-generation MLP. During training, all parameters are
jointly optimized through gradient-based updates.

The use of FiLM conditioning is motivated by the contact
physics of the catching task. When the ball rests on the
plate, the plate’s orientation (tilting angle) directly alters the
tangential component of gravity along the plate surface and the
contact direction, thereby affecting the ball’s acceleration. By
modulating the latent feature with the plate’s orientation, the
policy can dynamically adapt its action generation to account
for these gravity-induced variations, enabling more physically
consistent control across different tilt configurations.

D. Control Implementation on High-DoF Manipulator

As described in Sec. [[V-A] the action a; consists of a
desired plate displacement J; and a tilting configuration u; =
(i, Bt) which corresponds to a rotation of the plate about
a horizontal axis w; = (cos ay, sin oy, O)T by an angle 3,
(all quantities expressed in the motion frame). The desired
plate _pose (expressed in the robot’s base frame) is given
by: T, = (Rt, pt) € SE(3), where the orientation and
position components are computed using Rodrigues’ formula
(w; € R3*3 is the skew-symmetric matrix of w;):

R = R.(¢) (I+ w;sin B + w,” (1 — cos B;)) € SO(3)
P; = R.(0) 0, + pi € R
(12)

The desired joint configuration of the robot g; is obtained
via inverse kinematics (M being the robot’s DoF): g, =
K (T,
using a joint-space torque controller that generates real-time
joint torques (no inertial feedforward term is included, as the
desired joint acceleration is zero):

) € RM. The desired joint configuration is tracked

T=K(@—q) —DG+Cl(q, q)+g(qg) eRY (13)

where q, ¢ € RM are the observed joint angles and velocities
from sensor readings; K, D € RMXM are the stiffness and
damping gain matrices; C (q, q), g(q) € RM are the Coriolis
and gravity terms, respectively.
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Fig. 4: Reward (top) and success rate (bottom) under varying observation noise. (a) Training curves across simulation steps,

evaluated under progressively larger noise levels (left to right);
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Fig. 6: Reward (left) and success rate (right) of each policy
when manipulating balls with unseen restitution values (higher
than those in training), averaged over the last 100 epochs.

V. TRAINING AND VALIDATION IN SIMULATION

In this section, we implement the reactive catching task,
train the policies purely in simulation using our proposed
strategy, and evaluate its performance under various sources
of uncertainty.

A. Training in Simulation

The task simulation were implemented in ManiSkill [43].
We instantiated 128 parallel simulation environments for train-
ing, each containing a robot manipulating a set of multiple
different balls (i.e., DRIS) for up to 20 steps (corresponding
to one second of simulated time). When launching each
environment instance, the balls are randomly positioned at
a horizontal distance between [1.0, 2.0]m away from the
plate and assigned an initial velocity such that they reach a

(b) Evaluation of each policy at each noise level, averaged over

predefined catching region after [1.0, 1.5] s, approaching from
a random incoming direction. The catching region is defined as
a zone at the same height as the plate and within a horizontal
radius of 0.2m from its center. Each episode begins when the
ball is about to enter this region, specifically within a random
lead time of [0.08,0.12] s before arrival, at which point the
robot starts executing generated actions. The initial joint angles
of the robot are sampled from a Gaussian distribution centered
at the home configuration with a standard deviation of 0.02
radians per joint. We disable collision detection in simulation
between balls within the same DRIS and between balls and all
robot links except the plate (i.e., only ball-plate collisions are
enabled) to eliminate unmodeled contacts for stable training.

We first collected training data for the DRIS encoder by
allowing the robot to interact with the DRIS containing 200
balls using random actions for 50 episodes. Across all 128
parallel environment instances, this resulted in a total of
128,000 recorded DRIS state samples (i.e., the states of all
balls at each step). The encoder was then trained on this dataset
for 100 epochs, which took approximately 10 minutes. We
then froze the pre-trained DRIS encoder and used it to train
the FiLM-conditioned policy for 1000 epochs with PPO, which
took approximately 2 hours.

B. Evaluation against Uncertainties

To evaluate the effect of DRIS size on policy performance,
we trained separate policies with different numbers of balls in
the DRIS, specifically N = 1,10, 50, 200. Moreover, to com-
pare training with the proposed DRIS-based strategy against a
standard RL setting, we trained an additional baseline policy
using the same neural network architecture but learned end-to-
end directly from the observed single-ball state to the desired
action. We refer to this baseline as E2E. During evaluation,
the DRIS-trained policies, although trained with multiple balls
in each DRIS, were always tested on catching a single ball to
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Fig. 7: The system setup (top) and the four different balls
(bottom) used for real-world experiments.

Ball Ramp VelTrack E2E DRIS (Ours)
R=0.13m 0/ 5 0/ 5 5/ 5
Wiffle R=020m 0/ 5 2 /5 4 /5
R=0.32m 0/ 5 0/ 5 3/ 5
R=0.13m 0/ 5 0/ 5 2/ 5
Rubber | R=0.20m 0/ 5 0/ 5 51/5
R=0.32m 0/ 5 175 2/ 5
R=0.13m 0/ 5 175 4 /5
Ping-Pong | R = 0.20m 2/ 5 1 /75 575
R=0.32m 0/ 5 0/ 5 4 /5
R=0.13m 0/ 5 0/ 5 2 /5
Foam R=0.20m 175 175 3/ 5
R=10.32m 0/ 5 2/ 5 2/ 5
Total 3 /60 8 /60 41/ 60

Success Rate 0.05 0.13 0.68

Fig. 8: Top: Snapshots of our policy catching a ping-pong ball
released from the ramp. Bottom: Success rates for each policy
across all combinations of ball types and ramp settings.

reflect the real task setting.

We evaluate robustness against the following three sources
of uncertainty:

Observation Noise. This setting mimics scenarios where the
ball’s state is not accurately estimated (e.g., due to camera
calibration errors or tracking inaccuracies). As shown in Fig.[4]
we inject Gaussian noise into the observed ball states at
different noise levels, obtained by scaling a base standard
deviation o (1em for position and 5cm/s for velocity) by
factors ranging from 1 to 4. We report both the final episode
reward and success rate, where success is defined as the ball
remaining on the plate with a velocity below 0.1m/s at the
end of the episode. The E2E baseline and the DRIS policy
with N = 1, both trained using a single ball (where the

DRIS policy reduces to a standard RL setting but with a
pre-trained encoder), perform comparably under perfect ob-
servations. However, as the observation noise increases, their
performance degrades significantly. In contrast, DRIS policies
trained with even a slightly larger number of balls (e.g.,
10) exhibit substantially improved robustness, demonstrating
greater tolerance to observation noise.

Execution Error. Then, we added noise to the desired
joint positions by uniformly sampling perturbations from
[—0.05, 0.05] rad to simulate robot execution errors (e.g.,
controller’s tracking inaccuracies). We report the final reward
and success rate for each policy in Fig. 5] Similar to the
observation noise evaluation, the E2E baseline is notably less
robust than policies trained with DRIS. While increasing the
DRIS size generally improved robustness in this evaluation,
even a modest number of balls (e.g., 10) provided an obvious
boost in performance under execution noise.

Out-of-Distribution Physics. To evaluate how the policies
perform under unseen physical parameters, we tested them on
balls with higher and more challenging restitution coefficients
in [0.7,0.8], despite being trained only within [0.4, 0.7]. The
reward and success rate are reported in Fig. [ Compared
with both the E2E baseline and the DRIS policy trained with
a single ball, policies trained with larger DRIS generalize
better to manipulate balls with unseen physical properties
(restitution, in this case).

VI. REAL-ROBOT DEPLOYMENT

To more realistically challenge our learned policies under
real-world uncertainties and evaluate their sim-to-real transfer
performance, we directly deployed the policies trained purely
in simulation in a zero-shot manner on a real 7-DoF Franka
Research 3 (FR3) robot manipulator, without any fine-tuning
using real-world data.

A. System Setup

Fig. [7] shows the setup we used for real-world evaluation
(top), and the four test balls (wiffle, rubber, ping-pong, and
foam) which differ in size, weight, and physical behavior
(bottom). The plate is 3D-printed and covered with a neo-
prene foam padding to protect the robot from damage during
repeated trials. Although the padding slightly reduces the
impact force, its surface is smoother than the underlying plastic
and causes the ball to roll and accelerate more easily, thus
preserving the difficulty of the task.

To ensure relatively consistent initial ball states for fair
comparative evaluation across different policies, we designed
and 3D-printed a ramp with interchangeable lower sections
and mounted it above the workspace. The ball is released by
rolling from the top of the ramp, and the three interchangeable
sections (with radii R = 0.13, 0.20, and 0.32m) induce
different release speeds, allowing evaluation under varying
initial ball states.

B. Quantitative Evaluation

We deployed a single DRIS-trained policy (with N = 200)
on the real robot across all evaluation trials and compared



Fig. 9: Our policy successfully catches a wiffle ball thrown by a human (top), balances a foam ball (where a hard-coded motion
rotates the plate by 30° (blue arrow) to initiate the ball’s rolling in the first frame), and catches irregularly shaped objects.

its performance against two baselines: 1) VelTrack: a hand-
crafted policy that moves the plate horizontally to follow the
ball based on its estimated velocity after the first impact, with
the plate oriented to face the ball’s incoming direction at the
moment of first impact; 2) E2E: similar to the simulation
evaluation in Sec. this is a policy trained end-to-end with
a single ball in simulation and directly deployed on the real
robot. The controller gains, i.e., K and D in Eq. (I3), were
identified on the real robot by matching the controller’s behav-
ior to that in simulation. Aside from this gain identification,
no additional adaptation or fine-tuning was performed.

For each policy, and for every combination of ball type and
ramp, we conducted 5 trials and evaluated performance based
on the number of successful catches, as summarized in Fig. @
A trial is considered a successful catch if the robot keeps the
ball on the plate for at least 10 seconds after it begins moving.
The VelTrack baseline rarely succeeded, as its response was
not sufficiently reactive, particularly under inaccurate ball
velocity estimates. Its only 3 successful trials occurred when
the ball was accidentally trapped in the gap between the
plate and the finger. The E2E baseline, although producing
reasonable motions to contact the ball, was highly sensitive
to observation noise, leading to jerky robot movements that
frequently knocked the ball off the plate or hit the robot’s
power limit. In contrast, our DRIS-trained policy achieved a
68% success rate when deployed zero-shot, and successfully
caught all tested balls.

C. Qualitative Evaluation

We conducted several qualitative evaluations to further as-
sess the learned policy. First, as showcased in Fig. 0] (top), the
policy successfully catches all test balls thrown by a human,
despite the increased uncertainty and inconsistency of human
throws. Second, as illustrated in Fig. E] (bottom left), although

trained for reactive catching, the policy generalizes directly
to a pure balancing task. Third, as shown in Fig. [9] (bottom
right), the policy was able to catch irregularly shaped objects,
including a lightweight toy apple, a heavier toy strawberry, and
a wooden cube. The wooden cube is caught only occasionally
due to its highly unpredictable impact dynamics, which makes
reliable catching difficult even for humans.

VII. CONCLUSION AND LIMITATIONS

In this work, we propose a DRIS-based learning strategy
that enables robust policy learning in simulation and improved
zero-shot sim-to-real transfer for dexterous manipulation under
severe physical uncertainty. By simultaneously propagating
multiple randomized instances instead of one, DRIS better
approximates state evolution under diverse physical condi-
tions. Combined with a task-specific policy design, this en-
ables stable reactive catching without passive mechanical aids.
Extensive experiments show substantially improved robustness
and sim-to-real performance over conventional baselines.

Limitations. First, DRIS requires an encoder to map states of
varying instances to a fixed-dimensional latent representation;
while this is efficient for low-dimensional states, tasks involv-
ing high-dimensional visual or geometric inputs may require
larger models and substantial pre-training. Second, effective
DRIS training relies on efficient parallel propagation of mul-
tiple instances, which may be computationally expensive or
impractical without suitable simulator support. Finally, since
all instances share a single action, excessive divergence among
instance states can destabilize learning, placing a practical
limit on the amount of variation introduced; however, adaptive
or curriculum-based instance randomization is a promising
direction for future work.
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APPENDIX A. ALGORITHMIC PIPELINE AND
IMPLEMENTATION DETAILS

A. DRIS-based Policy Learning and Zero-Shot Inference

We summarize the DRIS-based policy learning pipeline
(using an on-policy example) and its zero-shot inference in
Alg. [l At each training iteration in simulation, we randomly
initialize the system state sg and sample N different domain
parameters from C to construct the DRIS, with all instances
initialized at so. We then collect on-policy rollouts to update
the policy, where the rollout stores the encoded latent state

YN
z; rather than the full set of instance states {siz)}. . After
training, the policy is deployed in the real world Witzh_olut fine-
tuning: At each time step, the observed single real-world state
s (equivalent to a DRIS of size N = 1) is encoded and
provided as input to the trained policy until the task is finished.

Algorithm 1 DRIS-based Policy Learning and Inference

Input: Domain parameter space C, initial policy wg, DRIS
encoder 1, dynamics F modeled by a simulator

Part (a): Policy Learning in Simulation

1: while training do

2 8o < INITSTATE() > Random Initialization
3 Do+ {} > Initialize DRIS
4: fori=1,--- ,N do

5: cD ~U(C), s« ER

¢ Do DU (s, )

7 end for

8 T+ {} > Simulation Rollout
9: fort=0,---,7T—1do

10: S, < projs (Dy) > DRIS State
11 2t < Y (St), ar o (2¢)

12: T A Y ses, T (8, at) > Average Reward
13: Diy1 < F (Dy, ay) > Propagate by Eq. (3)
14: T T U (2, a4,1¢)

15: end for

16: 7 + POLICYUPDATE(7g, T) > Policy Update

17: end while

Part (b): Zero-Shot Inference in Real World
18: while not finished do

19: s <— OBSERVESTATE() > Real-World State
20: z <+ Y ({s}), a + mg(2) > Generate Action
21: finished +— EXECUTE(a)

22: end while

B. Implementation Details

The learning pipeline and task simulation were executed
on a single NVIDIA GeForce RTX 3060 GPU with 12 GB of
memory. The actions are generated at 20 Hz, corresponding to
a simulation step of 1/20 second. The plate size (half-length)

is set to [ = 12cm. The domain-randomized parameters
were uniformly sampled from the following ranges: ball radius
[2, 4] em; static and dynamic friction coefficients [0, 0.1]; and
restitution coefficient [0.4, 0.7]. The latent feature dimension
of encoded DRIS was set to d, = 64, and the decay coefficient
in the reward of Eq. (8) was n = 0.25.

When deploying the trained policy in the real world, the
ball’s 3D trajectory is estimated using two cameras at 80 FPS
through image-based ball detection (e.g., color segmentation
followed by contour-based circle fitting), triangulation, and
parabolic curve fitting. The ball’s velocity is estimated via
ordinary least squares (OLS) by fitting a line to position
measurements over a 0.1-second sliding window. The trained
policies were loaded on a 3.4 GHz AMD Ryzen 9 5950X CPU
for real-time inference.

APPENDIX B. THEORETICAL ANALYSIS OF DRIS

In this appendix, we provide a theoretical analysis underly-
ing Theorem Specifically, we contrast the conventional
Domain Randomization (DR) with our proposed DRIS under
a unified problem setup ([Appendix B-A); we interpret DRIS
as an exact particle approximation for the system belief
propagation ( [Appendix B-B); then, we analyze to show that
DRIS yields a more stable optimization ( [Appendix B-C),
more robust policies ([Appendix B-D)), and improved sim-to-
real generalization ([Appendix B-E).

A. Unified Problem Setup

To ensure this appendix is self-contained, we briefly re-
capitulate the problem setup and notations from Sec. in
the main text. The manipulation problem is defined over an
observable state space S and an action space .A. We denote
a state by s € S and an action by a € A. The system
state evolves according to a deterministic transition function
st+1 = [ (8¢, at, ), conditioned on the physical parameters
c € C (e.g., friction, mass). The parameters ¢ are unknown
during execution but are assumed to be distributed according to
a fixed prior p (¢) (which is simplified to a uniform distribution
in our implementation).

Ensemble State with Shared Actions. In the proposed
Domain-Randomized Instance Set (DRIS) framework, dur-
ing policy learning, we sample a set of N i.i.d. physical
instances drawn from the prior, denoted C= {c(l), e )}
where each c¢(¥) ~ p(c), The ensemble state of these N parallel
instances is denoted as S; = sgl), cey sgN) € SN. At each
time step ¢, the policy 7 (parameterized by 6) generates a
single consensus action a; = g (S;) that is applied to all N
parallel instances simultaneously. This introduces an explicit
coupling: The state transition of instance ¢ depends on the
states of all other instances via the shared action:

sgi‘ﬁl:f(sg“,wo(st),c<i>), Vie{l,...,N} (14)

The Global Objective. With all instances starting from the
same initial state so ~ p(Sp), the controlled trajectory of the

i-th instance is 7.y = ( S0, ao, s?), a,..., sg)). We denote



Tq() to emphasize that the trajectory is implicitly conditioned
on the specific realization of the physical parameter ¢(*). The
Discounted Cumulative Reward (Return) of a single trajectory
is then defined as:

Te(i)) ZV T(St ) )

15)

The global optimization objective with respect to the policy
parameter 6 is to maximize the expected average return over
all instance trajectories:

IN(0) = Eqyp(so).cd~p(c)

1 N
NZR(TCU))] (16)

i=1

Relationship to Conventional Domain Randomization
(DR). By setting the DRIS size to N = 1, the ensemble state
collapses to a singleton S; = {s;} and the unified objective
Jn reduces to:

J1(0) a7

= E80~p(50)76~p(6) [R(7e)]

This recovers the conventional DR objective, where the ex-
pectation is estimated via Monte Carlo sampling of a single
physics parameter per episode.

B. Interpretation: Exact Particle Propagation

We prove that the simulation step in DRIS corresponds
to the exact propagation of a particle approximation of the
system’s belief state.

Continuous Belief Dynamics. Let b, (s,c) be the joint
probability density (belief) of the state and physics parameters
at time ¢. Given a deterministic action a;, the belief evolves
according to the Liouville Equation (the continuity equation
for probability mass):

b1 (s, ) // s — sat,c))

(c' —¢) b (s,c) deds

(18)

Here, ¢ () is the Dirac delta function. The term 6 (¢’ — ¢)
enforces that physics parameters are static during propagation.

Proposition Appendix B.1 (Exact Particle Propagation). Let
the initial beltef be approxlmated by an empirical measure
by (s,¢) = ~ Zz 10(s—s4 ))6(0 c). The time evolution
of this measure under the Liouville Equation is exactly the
empirical measure constructed from the updated particles

5%21 =f <5§i)7 ag, C(i))-

Proof: Substituting b, into Eq. (T8) and utilizing the

sifting property of the Dirac delta [ f(z)6(z—xzo)dz = f(zo):

bis1 (s’,c’)z//& s'—f(s,at7c))§(c’—c)
e
NZ// s’ —f sat,c))é(c’—c)

(5(3 - s( )) 5(c —cV)dsde
c(i))

S R C
(19)

This resulting distribution corresponds precisely to the discrete
set of updated simulation states. Thus, DRIS is mathematically
equivalent to propagating the belief state through the exact
system dynamics. [ |

- c(i))l dsdc

C. Gradient Variance Reduction

We analyze the variance of the gradient estimator
VeJn (0). In particular, assuming the policy is permutation
invariant (i.e., the ordering of instances in the DRIS does not
affect the policy output), we show that DRIS yields a reduced
gradient variance compared to conventional DR.

Definition Appendix B.1 (Permutation Invariant Policy). A
policy g is permutation invariant if for any permutation ¢ of

indices {1,..., N} and any ensemble state {sV), ... sy} €
SN:
o ({8<¢<1>>, L s<¢<N>>}) — 70 ({Su)’ N .7S<N>})
(20

Lemma Appendix B.1 (Gradient Exchangeability). Let
gi 2 VR (7.:) denote the gradient obtained from the
i-th instance. If mg is permutation invariant, the gradients
g1, ...,gnN are exchangeable random variables. Consequently,
they share a common mean [, a common covariance matrix
3. and a common cross-covariance matrix X g

Cov(g;) =%, Cov(gi,g;)= Vi # j

Proof: Let G = (g1,...,9n) be the joint vector of
gradients. Due to the i.i.d. sampling of physics parameters
and the permutation invariance of 7, the joint distribution of
G is invariant under any permutation ¢: p(g1,...,gn) =
p(9s01),----9s(n))- Hence, g1,...,gn are exchangeable.
Exchangeability implies identical marginals, so E[g;] = p
and Cov(g;) = E[(g; — p)(gi — pn)*] = X for all i. Moreover,
exchangeability implies that all unordered pairs (g1, g;), ¢ # J,
have identical joint distributions, and thus identical cross-
covariance Cov(gs,9;) = E[(gi — 1)(gj — )] = Zeross for
all ¢ # j. ]

Ecmss (21)

Proposition Appendix B.2 (Variance Reduction). Let the
scalar total variance be the trace of the covariance matrix:
2 2 Tr(X), and the scalar correlation coefficient be p =



Tr (Xcross) /2. Then the total variance of the DRIS gradient
estimator gpris = % >~ gi is given by:

l—p
2
o <p+ N )

Consequently, DRIS (N > 1) achieves strict variance reduc-
tion compared to conventional DR (N = 1) if and only if
p < 1 (i.e., when the aggregate cross-covariance is strictly
smaller than the marginal covariance).

TF(COV (QDRIS)) = (22)

Proof: Using the bilinearity of covariance and the ex-
changeability of the gradients:

Cov(gprrs) = Cov < Z!h)

Z Cov(g;) + Y _ Cov(gi,9;)

i#]
(23)
Substituting the covariance and cross-covariance matrices de-

fined in Lemma.

COV(QDst) N2+N(N
N -1
N
Taking the trace (a linear operator) to obtain the scalar total
variance:

Tr (Cov (gpris)) = iTI' () + (1 - 1) Tr (Xcross)

N2 [ )Ecross]

_ 1y
=+

(24)
ECIOSS

N N

o2 1
= 1-— = 2

N—I—( N)po

(o)

In practice, independently sampled physics parameters intro-
duce instance-specific perturbations in rollout trajectories, so
gradients across instances are typically not perfectly aligned
and p < 1 is expected, yielding strict variance reduction for
DRIS (N > 1) compared to conventional DR (N = 1). [ |

Implication: The result above implies that as the DRIS size
increases (IN — 00), the estimator’s total variance decreases
from the conventional DR baseline 2 to a non-zero floor po?.
Intuitively, increasing N averages out the instance-specific
(uncorrelated) component of gradient variability; this stabilizes
the optimization by suppressing the high-variance noise from
single-instance rollouts.

(25)

D. Robustness Analysis

We analyze how the DRIS objective implicitly promotes
robustness against physical uncertainty. While conventional
DR and DRIS optimize the same theoretical objective in
expectation, their empirical optimization landscapes differ
fundamentally.

In our problem setup, we can define the empirical objective
as the average return over the NV rollout trajectories of DRIS.
Since physics parameters c(*) are sampled i.i.d. from p(c),

the rollouts are conditionally i.i.d. across instances given the
shared action sequence {at}tTBl:
T—1
(49,

1 N
In (0) = NZR Te()) NZ:Z
- (26)

We analyze the optimization landscape by decomposing
this return into its local contributions at a single time step ¢,
and define empirical local cost (negative reward) as Cy(s) e
—r (s, at). The global maximization is equivalent to minimiz-
ing the discounted sum of empirical local costs:

T-1 | X "
- =Y (s
;’Y <N§ t( t ))

TNt

27)

This decomposition simplifies the analysis: by examining the
local cost J ~,t conditioned on the shared action a;, we
can determine how N affects the signal-to-noise ratio of the
gradient at each step.

Assumption Appendix B.1 (Local Geometry). We assume
Cy(s) is twice differentiable and locally convex w.r.t. the state
s near the mean p; = E[s; | a;]. We approximate Cy(s;)
using a second-order Taylor expansion:

Cu(s) ~ 55— ) Hu(s — )

(28)
V20 () = 0 are the

Co(pe) + g/ (s — ) +

where g = VsCi () and H, =
Jacobian and Hessian, respectively.

Substituting this expansion into J ~n,¢ and using the cyclic
property of the trace operator Tr (z " Ax) = Tr (Azx "), we
derive the decomposition:

1 & :
JANJ =N ZC} (s§’>)

_ 1 ~
= Cy(pe) + gtT(SN,t + iTr <Ht2N,t)
—_—— ——

Nominal Linear Noise

Robustness Signal

(29)

@ is the sample mean error;

where 6y = vazl (st — ut)
SNy = + Zf\;l(sgi)—ut)(sgi)—ut)—r is the empirical second

moment about the true mean, satisfying E [ﬁ] N,t} = 3.

Theorem Appendix B.1 (Asymptotic Unmasking). As the
DRIS size N increases, the linear noise is suppressed while



the robustness signal concentrates. The empirical local cost
converges in probability to a regularized objective:

. 1
Ine S Cr () + STIHE) as N oo (0)

Proof: By the Weak Law of Large Numbers, the error
8 Nt 3) 0, causing the linear noise term gtT é N,t to vanish.
Similarly, £y, —» ;. By the Continuous Mapping Theorem,
%Tr (Htig\u L, %Tr (H;3X;). Due to local convexity
(H; = 0), this limit is strictly non-negative, acting as a penalty
on aleatoric (physics-induced) variance. ]

Implication. Substituting this local result back into Eq.

proves that DRIS improves the Signal-to-Noise Ratio (SNR)
of the global optimization.

e« At N = 1 (Conventional DR): The objective is
dominated by linear noise Y. ~'g,’ 51_,,5. The optimizer
“chases” random first-order fluctuations, which can ob-
scure the variance penalty.

e At N > 1 (DRIS): The linear noise is suppressed by
@) (1 VN ) The global objective behaves as:

T-1

In (0) tz; v [Ct we) + 2T1" (H:3) (31
This steers the policy to update in directions that reduce
the physics-induced variance ;.

As a result, the learned policy via DRIS favors state-action

regions that are invariant (i.e., robust) to physical uncertainty.

E. Sim-to-Real Generalization

We provide a theoretical analysis of the sim-to-real transfer
capability of DRIS. We explicitly account for the distribution
shift between the physics in simulation and the true physics
of the real world.

Recall that given a fixed initial state s, for physics param-
eter ¢, we let 7. denote the trajectory induced by policy mg.
As defined earlier in Eq. , the discounted return of the
trajectory is R (7.). We equivalently define the trajectory cost
as the negative return:

L(8,¢c) = — (32)

T-1
- Z v 1 (se,a)
t=0

Maximizing return is therefore equivalent to minimizing tra-
jectory cost. If rewards are bounded as |r(s, a)| < rmax, then

Tmax — B
1—v

Source vs. Target Distributions. We distinguish between
two distributions over the physics parameters C:

1£(8,¢)| < (33)

« Source Distribution with density pg(-): The distribution
used in the simulator for learning (e.g., uniform).

o Target Distribution with density pr(-): The unknown
true distribution of physical parameters in the real world.

We seek to minimize the expected cost in the real world:

JT (6) = ECNPT (c) [C(H C)] (34)

The DRIS algorithm minimizes the empirical cost drawn from
ps(+), averaged over the N instances inside DRIS:

1 N
=—> £(0,c")
N i=1

Let J5(0) = Ecupg(e) [£(0,c)] be the expected cost in
simulation.

where ¢(® “ps(e) (35)

Definition Appendix B.2 (Rademacher Complexity). 7o
quantify the capacity of the policy parameter class © fto
fit random fluctuations in the simulation, we introduce the
empirical Rademacher Complexity of the induced (trajectory)
cost function class Lo = {L(0, -) : 0 € O}. Given a sample

C={cM,....c™\, it is defined as:
(e ) )] C(36)

R (Lo) =Ey sup — o;

¢ (o) Le@ Z

where o = (01,...,0n) are independent Rademacher vari-
ables with P(o; = 1) = P(o; = —1) = 1. The expected
Rademacher Complexity is then defined by averaging over
the sampling of C:

N (£e) =gy on [Re(Lo)] .

Theorem Appendix B.2 (Sim-to-Real Transfer Bound). For
any § € (0, 1), with probability at least 1 — 6 over the draw of
DRIS C ~ ps(c)N, the following bound holds for all policy
parameter 6 € ©:

< JIn (0) + 21N (Lo) + 2B lng\/fé)

Generalization Gap (Reducible via N)
+ dﬁ(—) (p S pT)
—_——

Physics Mismatch (Irreducible)

(37)

Jr (0)

(38)

where drg (ps,pr) is the Integral Probability Metric (IPM)
measuring the discrepancy between source and target distri-
butions over physics parameter (i.e., C) with respect to the
cost class induced by the policy family.

/EOC (pr(c) —ps(c)) de

Proof: Applying the triangle inequality, we decompose
the sim-to-real error into two distinct components: an estima-
tion error (finite sampling) and a transfer error (distribution
shift):

Jr(8) = jN(o) + (75(0) = In(9)) + (T2(0) - Ts(0))
< JIn(0 ’jS — Jn(® ‘ ‘jT ._75(0)’

Transfer Error (Step 2)

(39)

dre(Ps,pr) = sup

6c®

Estimation Error (Step 1)
Step 1: Bounding the Estimation Error. We seek to bound
SUPgeco ‘js(e) - ~7N(9)‘

3(C) = sup (Js(a) - jN(e))

6cO

. Let us define a deviation

(41)



Consider two sample sets C = {cM,...,¢®, ... ¢™} and
¢ = {cW,...,&D, . .. ™M} that differ by exactly one
sample at index ¢. The difference in the empirical cost is at
most 2B/N:

Tw(8) = Tn:(8)
_ 1§:£(9 c(j)) 1
N & N
oo 2(0)
(42)

k(e 000 ¢ (0.00)) -2

Because the supremum is a contraction, the function ®(C)
satisfies the bounded difference conditipn (i.e., substituting the
value of c() changes the value of ®(C) by at most 2B/N):

c (9, 5(”)) +Y ¢ (07 c(j)>

J#i

2B

@) - o] < sup |7 (8) — T (6)] < =.

(43)

We now apply McDiarmid’s Inequality:

N(2B/N)2> )

Setting the right-hand side to § and solving for €, we obtain
the concentration bound with:

In(1/6)

— 2B .
¢ N

(45)

Finally, we bound the expectation E[®(C)] via standard sym-
metrization. Let C, be an independent ghost sample and o;
i.i.d. Rademacher variables. Then:

Eo[0(0)] = B [sup B, [, (6) - I (0)]
<Eg¢, lsgp % XN: (£(97 ) - L(8, C“)))]

< 2E ,

N
sup % Z 0; L£(6, c(i))] = 2Ry (Lo)
o i=1

(46)
Combining the concentration and expectation bounds yields
the result for Step 1:

Ts(0) — jN(B)’ < sup ’75(9) - jN(a)‘
0cO® (47)
In(1/9)

<
< 2%y (Lo) + 2B o

Step 2: Bounding the Transfer Error (Physics Mis-
match). We must bound the discrepancy |Jr(0) — Js(0)]

caused by the shift from pg(-) to pr(-) by:

|JT(0) — Ts(6)]
<sup |Jr(0) — Ts(0)]
6cO
= sgg ‘ECNPT(C) [L£(8,c)] — E0~ps(0) [£(8, C)H (48)
—sup| [ L. c)pr(e)de~ [ £(0.cps(e)de
0cO |JC C

:dﬁe (p57pT)

where dzo (ps, pr) is the IPM defined in Eq. (39), measuring
the worst-case performance gap over the hypothesis (policy
parameter) space ©. Unlike the estimation error, this does not
vanish with N — oo.

Conclusion. Substituting the bounds from Step 1 and Step
2 back into the decomposition, we obtain:

. 1
Jr(0) < In(0) + (29{1\’ +2B n;\/f)) +dre (Ps,prT)-
(49)
m

Remark: Note that if the simulator cannot model the real
world (e.g., pr is disjoint from pg), the discrepancy term
dre 1s large and irreducible with N. However, compared to
conventional DR (N=1), DRIS (N > 1) minimizes the first
term (Generalization Gap), ensuring that the policy is at least
robust to the modeled uncertainty.
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