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Abstract— Domain randomization (DR) is widely used in
policy learning to improve robustness to modeling error, but re-
mains underexplored in contact-rich sampling-based predictive
control (SPC), where rollout quality is highly sensitive to uncer-
tainty. In this work, we take the first step by studying risk-aware
DR in predictive sampling on a simple yet representative Push-
T task, comparing average, optimistic, and pessimistic rollout
aggregations under randomized model instances. Our initial
results suggest that DR affects not only robustness to model
error, but also the effective cost landscape seen by the sampling-
based optimizer, by reshaping the basin of attraction around
contact-producing actions. This opens up potential for exploring
better grounded risk-aware contact-rich SPC under model
uncertainty. Video: https://youtu.be/f1F0ALXxhSM

I. INTRODUCTION

Domain Randomization (DR) has become a standard and
powerful tool in reinforcement learning (RL) for robotics,
particularly in contact-rich settings where accurate modeling
of friction, inertial parameters, and compliance remains diffi-
cult [1]. In contrast, the use of DR in trajectory optimization
and model predictive control (MPC) is far less explored,
especially for contact-rich problems. This gap is notable
because the same modeling challenges that motivate DR
in RL also arise in contact-rich trajectory optimization and
MPC, where performance can be highly sensitive to physical
parameters and contact outcomes.

Recent advances make this problem timely to study:
massively parallel GPU simulators enable efficient evaluation
of thousands of rollouts under different model realizations
[2], [3], while sampling-based methods, such as Predictive
Sampling [4], Model Predictive Path Integral (MPPI) [5],
and Cross Entropy Method (CEM)-style approaches [6], have
become increasingly attractive for nonlinear contact-rich
control because they avoid some of the analytic difficulties of
the gradient-based optimization through non-smooth contact
and complementarity conditions [7]. Together, these tools
enable a simple paradigm: evaluate each candidate control
sequence across a randomized ensemble of domains and rank
it according to a chosen notion of risk.

In this work, we present a preliminary study of risk-aware
domain randomization for contact-rich sampling-based
predictive control (SPC). In particular, our preliminary
demonstration focuses on the Push-T task. For each candidate
input sequence, we evaluate rollout cost across multiple
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Fig. 1: In contact-rich control settings, successful contact may correspond to
a narrow low-cost region. We hypothesize that while risk-averse aggregation
can suppress this region and shrink its basin of attraction, risk-seeking
aggregation can enlarge the basin around promising contact-producing
actions.

randomized model instances and aggregate the results using
three risk operators:

1) Average: mean performance across domains,

2) Pessimistic: worst-case rollout cost (Risk-averse),

3) Optimistic: best-case rollout cost (Risk-seeking).

The main contribution of this work is a first step toward a
systematic study of risk-aware DR in contact-rich sampling-
based predictive control through a unified comparison of
proposed risk operators. Our motivation is that the intuitive
ranking of these strategies does not always hold: although
pessimistic aggregation may seem most robust under model
mismatch, our initial results suggest that optimistic aggre-
gation can sometimes perform better by promoting high-
variance but contact-producing candidates. We hypothesize
that this occurs because DR affects not only robustness to
modeling error, but also the effective search landscape itself.
In contact-rich tasks, pessimistic aggregation can suppress
narrow low-cost basins, whereas optimistic aggregation can
make them easier for a sampling-based optimizer to discover.

II. RELATED WORK

Domain randomization is most established in robot learn-
ing for sim-to-real transfer, where visual or dynamics vari-
ation during training improves robustness to the reality gap
[1], [8]. Subsequent work has made DR more adaptive [9],
[10], but the current literature remains focused on policy
learning in general [11].

In contrast, this work is closely related to the growing
body of sampling-based predictive control methods for non-
linear planning in robotics, including MPPI [12], Predictive
Sampling [4], and recent GPU-parallel frameworks such


https://youtu.be/f1F0ALXxhSM

as Hydrax [13]. The closest prior works are robust and
risk-aware MPPI variants [14]-[18], which mainly study
robustness and safety in domains such as rally car racing
or obstacle avoidance. In contrast, our focus is on contact-
rich predictive control, and specifically on how risk-aware
aggregation across randomized domains reshapes the search
landscape of a sampling-based optimizer.

More broadly, this paper relates to robust trajectory opti-
mization and motion planning under uncertainty, including
Monte Carlo [19], risk-bounded [20], scenario-based [21],
and risk-averse planning methods [22]. It is also connected
to planning through contact, where recent work has used
smoothing or contact-implicit formulations to address the
nonsmooth, highly nonconvex structure induced by impacts
and friction [23]-[25]. Our perspective is complementary to
both lines of work: rather than estimating collision risk or
smoothing contact gradients, we study how risk-aware DR
reshapes the cost landscape in contact-rich SPC (Fig. 1).

III. SAMPLING-BASED PREDICTIVE CONTROL

We consider a finite-horizon optimal control problem at
planning time ¢, with current state estimate xg = x(t). Let

) llN—l} (1)
denote a control tape over a horizon of length N. The
nominal planning problem can be written compactly as

U := {110,111, ..

min  J(Usxo), )
where J(Uj;x() denotes the rollout cost over the horizon
under the dynamics and task objective. For contact-rich sys-
tems, this problem is often highly nonconvex and nonsmooth,
making gradient-based optimization difficult. SPC instead
evaluates candidate control tapes via forward rollouts and
updates the nominal plan according to their costs [26].

At each MPC step, we draw K samples U*) from some
proposal distribution, typically a Gaussian centered around
the previous nominal control tape. We then simulate a rollout
for each sample, yielding the associated costs

) :J<U<k);XO>, k=1...K 3)

These costs are used to update the nominal control tape U.
In general, SPC updates can be written as

Y 9(/®) (UP - )

25:1 9 ('] (k))
where g : R — R, is a nonnegative weighting function.
Different choices of g(-) recover different SPC algorithms
[26]. In this work, we focus on predictive sampling [4], the
simplest SPC algorithm; predictive sampling merely sets U
as the lowest-cost sample.

Having updated the control tape U, we apply the first
action ug and proceed in receding-horizon fashion.

U+ U+

; “4)

IV. RISK-AWARE DOMAIN RANDOMIZATION

In practice, the model we use to simulate rollouts is
never perfect. Instead, we aim to improve robustness via
DR. In particular, we assume that some model parameters

Algorithm 1 Risk-Aware Sampling Predictive Control

) uN}
> sample model randomizations

1: Initialize U = {ug, uy, ..
2: {0(7“)}5:1 ~D
3: while planning do

4: xp + x(t) > update state
5: for K =1to K do

6: U®) ~ N(U,0?) > sample control tapes
7: for r=1to R do

8: JET  J(UR;xq,6()) > rollouts
9: end for

10 J®)  Rigk (0D, g0 g0

11: end for

N g(j(k))(U(k)—U)

12: U+~ U+ T =
‘ Yo 9(JM)

13: Apply ug
14: end while

> SPC step (4)

6 (friction coefficients, body masses, etc.) are drawn from
some distribution D. In this setting, the cost

J(U;x9,0) 5
is determined by the value of these parameters as well as the
initial condition Xg.

A. Sampled Control Inputs and Domain Randomization
To apply DR to SPC, we randomly sample R sets of
parameters
") ~D r=1...R, (6)
resulting in R “domains”, each with different dynamics.
We roll out each control tape U*) in each domain,
performing K x R total rollouts to produce costs

JET = J(UW;x,00) (7)
indexed by both sample k& and randomized domain r. All
R x K rollouts can be performed in parallel.

B. Risk Strategies

To apply SPC, we must aggregate the rollout costs across
domains. We do so via a risk operator

J®) = Risk(JW), g2 J(’“’R)) . ®)

This provides a single scalar score for each sample, which
we can then feed into (4) to perform SPC.

While there are many possibilities for the Risk(-) op-
erator, we focus here on three simple strategies: average,
pessimistic, and optimistic.

1) Average: Strategy that uses the average cost over the
randomized domains:

R

. 1

T 5 > T, )
r=1

This is most similar to the DR used in RL, which optimizes
performance in expectation over randomized domains.

2) Pessimistic: Strategy that assumes the worst, and uses
the highest cost across the randomized models:

(k)

Jlg’gg = max J\"". (10)

This is a risk-averse strategy: costs are only low if they are
low across all domains.



3) Optimistic: Strategy that assumes the best, and uses
the lowest cost across the randomized models:
j(k) .

(k,r)
opt " .

(1)
This is a risk-seeking strategy and may seem like a strictly
bad idea, especially under modeling error. However, as we
show below, risk-seeking DR can produce strong and even
superior performance on contact-rich tasks.

Remark 1. Risk metrics such as VaR and CVaR [16]
can interpolate between risk-seeking (optimistic), risk-neutral
(average), and risk-averse behavior (pessimistic), and are a
natural direction for future study.

min J
I

Algorithm 1 summarizes the overall procedure. Note that
both loops in this algorithm are trivially parallelizable. In
practice, performant SPC implementation requires spline-
based dimensionality reduction and careful treatment of time
shifts between replanning steps. We omit these details for
space and refer the interested reader to [4], [13], [27].

C. Implementation Details

We implement the proposed MPC framework in Hydrax
[13], using MuJoCo MIJX [2] as the backend for parallel
rollout evaluation across sampled input tapes and domain-
randomized model instances.

D. Experiment Setup

The Push-T task consists of two bodies: a T-shaped
block and a spherical pusher, both governed by second-order
mechanical dynamics. The goal is for the spherical pusher to
drive the T-shaped block to a desired pose through contact.
As illustrated in Fig. 1, the spherical pusher has configuration
4, = Pp € R?, where p, denotes its planar position. The T-
block has configuration q, = [ps, ¢] € SE(2), where p;, €
R? denotes its planar position and ¢ € S! its orientation.

We compare the three risk-aware DR strategies from
Sec. IV using predictive sampling [4], with controller pa-
rameters given in Table I and cost terms given in Table II.
To model parametric uncertainty, we define the DR terms as

0={\ 7, m, k,}, (12)
where A and 7 are the sliding-friction and contact-time-
constant vectors, and m and k, are the body-mass and
actuator-gain vectors. The sampling strategy associated with
each component of 8 is summarized in Table III.

At each MPC step, predictive sampling returns a pusher
planar velocity command ug, which is applied to the pusher
through a first-order closed-loop velocity servo:

v, =D, Vp=ky(ug—vp). (13)
To evaluate robustness to model mismatch, each trial is as-
sociated with a unique seed that specifies both the collision-
free initial condition (Table IV) and a fixed “true” model
realization sampled from the randomization distribution. At
planning time, the controller evaluates candidate actions
over an ensemble of R randomized models, whereas exe-
cution takes place on the single fixed true model realization,
thereby introducing model mismatch. We consider R €

TABLE I: Predictive sampling parameters used in the experiments.

Samples Noise Horizon Spline Knots
K =128 o0=04 T =05sec Zero-order n =26
TABLE II: Cost terms used in the experiments, where || - || is the

Euclidean norm and © denotes the orientation difference operator.

Cost Term Weight Cost Function
Block Position wp =20 [P — pyl?
Block Orientation wq = 1.0 |pdes © @2
Pusher Close-to-Block ~ w. = 0.01 lpp — Poll?
Pusher Velocity wy = 0.01 lvpl?

TABLE III: DR variables for the task. Contact parameters are
sampled directly, while body mass and actuator velocity gain are
multiplicatively scaled. (-, -) denotes the uniform distribution and
©® denotes the Hadamard product for element-wise multiplication.

Randomization Variable
Sliding Friction
Contact Time Const.
Body Mass
Actuator Velocity Gain

Application
A~ U0.5, 1.5)
T ~ U(0.01, 0.03)
Sm Om, s, ~U(0.8, 1.2)
sy O ky, sp ~U(0.8, 1.2)

TABLE 1V: Initial-condition sampling used in the Push-T experi-
ments. All initial velocities are zero.

T-block orientation
& ~ U(—3.14, 3.14)

T-block position
Py, ~ U(—0.1, 0.1)

Pusher position
pp ~U(—0.1, 0.1)

{0,4,16, 32,64} together with the three risk strategies. For
S = 20 seeded trials, we simulate for Ty;,, = 7.0 seconds.

E. Results

All reported metrics are computed on the executed closed-
loop simulation rather than on the predicted rollouts, so the
risk operator affects performance only indirectly through the
planner’s sample ranking. Fig. 2a shows that the pessimistic
strategy generally performs worst and degrades as the num-
ber of randomized domains increases, while the average
strategy remains intermediate. In contrast, the optimistic
strategy consistently achieves the best or near-best mean total
cost, with the strongest performance around R = 16. Fig. 2b
shows a similar trend in block position error over time. As
R increases, the optimistic strategy drives the block toward
the goal more quickly, whereas the pessimistic strategy often
stalls and fails to make meaningful progress. Accordingly, in
difficult Push-T cases, the optimistic controller reaches the
low-cost target region much earlier, whereas the pessimistic
controller often fails to do so.

V. DISCUSSION

Intuitively, one might expect a risk-averse strategy to
perform best under model error. But this expectation is not
supported by data, at least in the case of the Push-T. In fact,
the trend that we see in Fig. 2 is quite the opposite: the
risk-seeking strategy instead achieves the best performance.

We hypothesize that this surprising result is due to the fact
that domain randomization plays two unique and sometimes
conflicting roles: (i) improving robustness to model error,
and (ii) shaping the basin of attraction around local minima.
The first role is well-known, while the second is less so.

To illustrate the basin-shaping effect, consider a simple
scalar cost J(u). Domain randomization warps the cost
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Fig. 2: Comparison of risk-sensitive domain randomization strategies on the Push-T task, averaged over S = 20 simulations with distinct randomization
seeds. (a) Time-averaged total cost over Ty, = 7.0 second trajectories (&= SE). (b) Block position error over time (3 SE) for selected values of R.
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Fig. 3: Effect of risk-sensitive domain randomization on a scalar cost
landscape J(u) with two local minima. Each row corresponds to a different
perturbation magnitude . The optimistic strategy Jopt widens the basins of
attraction around local minima, while the pessimistic strategy jpcs narrows
them. As § increases, these basin-shaping effects become more pronounced.

landscape in complicated ways, but for ease of illustration,
assume that DR merely shifts the cost landscape left and
right. More precisely, for each randomized domain r we have

J(u) = J(u+e), eecl(=0,0). (14)
An example is shown in Fig. 3, along with aggregated costs
javg, jpes, jopt from each of our three risk strategies.

The risk-seeking optimistic strategy (Jopt) expands the
basin of attraction around local minima, while the risk-averse
pessimistic strategy (jpes) makes local minima smaller and
narrower. Because contact-rich tasks are dominated by large
(nearly) flat regions and narrow minima, clearer information
about the location of a local minimum, as provided by a
risk-seeking strategy, may be more important than preferring
a very robust local minima. However, a risk-seeking strategy
can also degrade performance by obscuring the location of a
true minimum. This is quite similar to randomized smoothing
[23], though DR perturbs the cost function itself rather than
simply adding noise to its arguments.

This effect can be seen from a simple rollout-ranking
example in Push-T. Suppose candidate A has randomized

costs {1,8,9}, while candidate B has costs {4, 4,4}, where
lower is better. Candidate B is consistent but mediocre, and is
preferred by pessimistic aggregation as max(A4) > max(B).
Candidate A, however, succeeds in one randomized domain
and is preferred by optimistic aggregation as min(A) <
min(B). Fig. 1 illustrates such a scenario. Since local
minima are particularly narrow and difficult to hit in contact-
rich tasks like the Push-T, taking this risky rollout is often
worthwhile; it moves the system closer to a local minimum,
where further replanning steps will be more effective.

VI. FUTURE WORK AND OPEN QUESTIONS

The work presented here is extremely preliminary—a
single task, one SPC algorithm, and only a few risk strategies.
Future experimental work will focus other contact-rich tasks,
more sophisticated SPC algorithms (MPPI, CEM, CMA-ES,
etc.), more advanced risk strategies (VaR, CVaR, etc.), and
sim-to-real transfer.

Our preliminary results also point to a pressing need
for more fundamental understanding of risk-aware domain
randomization for contact-rich control. What theoretical
framework(s) should we leverage? Can we quantify the
tradeoff between model robustness and a friendlier cost
landscape? Do such tradeoffs occur in policy learning as
well as predictive control? How do system dynamics (quasi-
static vs unstable, high-dimensional vs low-dimensional, etc.)
influence these tradeoffs? And can we use this information
to design better SPC algorithms?

VII. CONCLUSION

Thanks to recent advances in hardware-accelerated parallel
simulation and sampling-based optimization, we finally have
the tools to investigate domain randomization in the pre-
dictive control setting. In this preliminary study, we demon-
strated that risk-aware domain randomization produces some
surprising and counter-intuitive effects for contact-rich tasks.
While preliminary and limited in scope, these initial results
demonstrate striking qualitative differences from the well-
known impact of domain randomization on policy learning,
pointing toward domain randomized predictive control as an
important and fruitful area for further study.
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