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Abstract—Reliable robotic manipulation requires control poli-
cies that can accurately represent and adapt to uncertainty aris-
ing from contact-rich interactions. Modern data-driven methods
mitigate uncertainty through large-scale training and compu-
tation, and degrade significantly in performance with limited
number of training samples. By contrast, classical model-based
controllers are computationally efficient and reliable, but their
limited ability to represent task-relevant uncertainty can hinder
performance in contact-rich interactions.

In this work, we propose to expand the capabilities of model-
based manipulation control through more flexible uncertainty
modeling that retains performance while exactly adapting to
uncertainty. Our approach casts the manipulation problem as
a distributionally robust control optimization and proposes a
novel deterministic formulation based on Stein variational in-
ference that preserves performance while explicitly modeling
task-sensitive parameter uncertainty. As a result, the derived
controllers are more aware of task sensitivities to uncertainty,
yielding high reliability without compromising performance.
Experimental results demonstrate up to 3x improved robustness
across a range of contact-rich manipulation tasks under broad
parametric uncertainty, outperforming existing model-based con-
trol methods.

I. INTRODUCTION

In-the-wild manipulation often requires reasoning in an
environment filled with uncertainty. However, the reliability
and success of robotic control for manipulation is contingent
on the ability to appropriately exploit and adapt to uncertainty
through interacting with their environment. Modern control
approaches mitigate uncertainty through vast accumulation
of data and compute [8 37, 4, [7, ], effectively aiming to
cover all possible scenarios at the expense of precision and
interpretability, and their performance rapidly degrades with a
reducing number of samples [6]. The unifying goal is to
develop zero-shot manipulation controllers that actively adapt
to physical uncertainty, without the loss of performance and
robustness.

Most prior work on uncertainty-aware manipulation control
under parameter uncertainty spans data-driven methods and
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Fig. 1: Within-hand dynamic positioning of a cup with unknown
mass distribution and friction coefficient. Our proposed Stein
Variational Distributionally Robust Optimizer (SV-DRO) applied to
a within-hand positioning task via controlled sliding. The demon-
stration shown requires the robot to slide an object with unknown
physical parameters (inertia, mass, and friction coefficient) to a goal
state located at the center of the tray. Our approach enables control
policies to reason over uncertainty-sensitivity to task ensuring reliable
performance.

classical adaptive control approaches, each expressing a dif-
ferent facet on robust optimization [2]]. Reinforcement
learning (RL) and related policy optimization methods in
(10 have been extensively applied to contact-rich tasks,
where the ability to implicitly learn from experience offers
potential adaptability in uncertainty-filled environments. These
methods, however, often necessitate high compute and data
quality, and sufficient coverage over all possible parameter
uncertainties for high-performance guarantees [40, 30, 33
Other works presented in [T, leverage sampled trajec-
tory ensembles to mitigate the effects of parametric uncertainty
through optimizing controls over average performance. These
sample-based ensemble approaches have limitations, however,
in that they fail to adapt robustly to parameter uncertainty
under a prohibited number of samples, and compute only
average performance that is highly dependent on the range
of parameter uncertainty. Other, classical control methods



(23} 24} 36 |9] promise control policies from conservative,
worst-case formulations that adapt to uncertainty via a Dis-
tributionally Robust Optimization (DRO) formulation [16].
These methods compromise task performance in response
to worst-case uncertainty modeling leading to worse overall
performance in contact-rich settings due to the variability of
object dynamics subject to contact.

Thus, the goal of this work is to expand the capabilities of
model-based control for robotic manipulation through more
flexible uncertainty modeling that retains performance while
adapting to uncertainty in manipulation.

To achieve this goal, we formulate robotic control under
parametric uncertainty as a Distributionally Robust Optimiza-
tion problem and introduce a Stein variational inference-
based controller [35, 22]. Rather than optimizing against a
fixed ambiguity set, we use Stein variational gradient descent
(SVGD) to evolve deterministic particles drawn from a prior
into a task-aware parameter posterior. This provides a non-
parametric, parallelizable approximation of how parameter
uncertainty affects task performance [43 21]]. Fig. [T] illustrates
this idea on within-hand manipulation, where an object with
uncertain mass distribution and friction is reliably moved to
the tray center. Overall, SV-DRO uses exacﬂ Stein inference
to identify uncertainty-sensitive actions critical to contact-rich
manipulation.

In practice, SV-DRO achieves strong task performance
under broad parameter uncertainty and limited feedback com-
pared with existing model-based baselines [} [16]]. The central
distinction is philosophical: instead of planning for a globally
worst-case model, SV-DRO reshapes uncertainty toward pa-
rameter variations that most affect the current task and opti-
mizes against those task-sensitive particles. We demonstrate
this behavior on contact-rich manipulation tasks including
within-hand dynamic positioning and bimanual Push-T.

To summarize, the contributions of this paper are the
following:

o Derivation of a Stein variational inference-based distri-
butionally robust controller that accurately models uncer-
tainty and generates control solutions that enhances task
performance.

o Demonstration of 3x improvement of our proposed
method compared against existing DRO and ensemble
worst-case manipulation controllers subject wide ranging
parameter uncertainty.

o Showcasing continually reliable within-hand manipula-
tion on a rolling experimental setting.

The remainder of this paper is structured as follows: Sec-
tion [[ discusses prior relevant work. Section [[II] overviews
preliminary material on Distributionally Robust Control and
Stein Variational Gradient Descent. Section outlines our
proposed method that combines Stein Variational Inference
with DRO, and details theoretical analyses on our method.

ISVGD can exactly match expectations of functions within a Stein-
induced function class and converges to the target distribution in the infinite-
particle limit [22]; with finite particles, it gives an approximate posterior
representation.

And finally, Section E discusses experimental results, Section
covers limitations, and Section proposes future research
directions.

II. RELATED WORK
A. Distributionally Robust Optimization

Distributionally Robust Optimization (DRO) optimizes per-
formance against worst-case probability distributions within
an ambiguity set, providing robustness to uncertainty at the
cost of potential conservatism [[16} 32]. Prior work has made
DRO tractable for control by using duality under Kullback—
Leibler ambiguity sets, reducing the original min—-max prob-
lem to a single-level optimization [23} |36]]. However, these ap-
proaches typically require a parametric reference distribution
estimated through maximum-likelihood or related data-driven
procedures, so robustness is only guaranteed near a learned
nominal uncertainty model. Wasserstein DRO formulations
avoid explicit distribution fitting by using empirical uncer-
tainty samples [24], but they assume direct access to samples
from the uncertain process [24, |13, Assumption 6.3], which
is restrictive when uncertainty corresponds to latent physical
parameters such as mass, inertia, friction, or geometry.

These assumptions are especially limiting in contact-rich
manipulation, where latent parameters cannot usually be sam-
pled directly, feedback may be sparse or indirect, and contact
dynamics introduce discontinuous, mode-dependent behavior
outside the smooth settings considered by many DRO meth-
ods [23, [24]. Moreover, optimizing against all admissible
perturbations can produce overly conservative behavior that
sacrifices task performance. In this work, we extend DRO-
based control by using Stein variational inference to evolve
particles over latent physical parameters according to task-
relevant sensitivity, rather than relying on a fixed reference
distribution or a sampling oracle. This enables robust MPC for
contact-dominated manipulation while focusing computation
on uncertainty that directly affects task success.

B. Stein Variational Inference in Robot Control

Variational Inference (VI) approximates an intractable target
distribution by optimizing a surrogate distribution to minimize
the Kullback-Leibler divergence, but its effectiveness depends
on choosing an expressive variational family [35)], which is
difficult in high-dimensional or multi-modal settings. Stein
variational inference, or Stein variational gradient descent
(SVGD), avoids this restriction by evolving a set of parti-
cles through deterministic functional gradient descent in a
reproducing kernel Hilbert space [22]. This particle-based
update combines attraction toward high-probability regions
with a kernel-induced repulsion term that preserves diversity,
making SVGD well suited for representing complex uncer-
tainty distributions in control. Prior work has used SVI in
MPC to maintain multi-modal control particles [17], optimize
constrained trajectory distributions [31], generate informative
failures [L1], perform task and motion planning [18], and
jointly infer controls and dynamics parameters online [3].



Our use of SVI differs from estimation-driven Stein MPC
methods [3]] that update parameter particles from online state-
transition measurements to recover a dynamics posterior [3].
Such approaches require sufficiently informative feedback,
which can be sparse, low-frequency, noisy, or only indirectly
related to latent contact parameters such as mass distribution,
inertia, and friction in contact-rich manipulation. In contrast,
we do not use SVGD to identify the true physical parameters
through a measurement-likelihood, contact-aware maximum
a-posteriori, or other contact-aware active learning objective
[34, 141} 48]. Instead, we construct a task-aware parameter
posterior induced by the optimality gap, transport particles
toward regions where the planned trajectory is most sensitive
to uncertainty, and embed the resulting particle set inside a
distributionally robust MPC objective. This allows the con-
troller to optimize against uncertainty that directly affects
task success, rather than uncertainty that merely best explains
recent state feedback.

C. Domain Randomization

Methods in reinforcement learning (RL) [45 [15] based
on domain randomization [29, [39] aim to achieve robustness
under parametric uncertainty by training policies over a distri-
bution of system parameters sampled offline. In this setting, a
policy is optimized to perform well in expectation across the
randomized domain, implicitly learning adapting to variations
in model dynamics or environmental scenery. While effective,
such approaches typically require extensive data collection and
training, and their performance depends critically on the choice
and coverage of the parameter distribution used during training
[46, 138]]. Moreover, the resulting domain randomization pro-
cess is inherently fask-agnostic with respect to parameters with
larger uncertainties, as the prior distribution used for sampling
is fixed a priori and not adapted based on the specific control
objective at execution time.

In contrast, our approach performs online, task-aware adap-
tation of the parameter distribution within a model predictive
control (MPC) framework, eliminating the need for offline
training or repeated system interaction. By leveraging SVI,
the parameter distribution is iteratively reshaped according
to the optimality gap, focusing computation on uncertainty
directions that directly impact task performance. This enables
zero-shot control under uncertainty while maintaining com-
putational tractability, and yields policies that are both robust
and dynamically responsive to task-specific sensitivities. As
such, our method can be viewed as complementary to domain
randomization, offering a more data-efficient alternative that
emphasizes task-relevant uncertainty at test time rather than
distributional coverage during training.

III. PRELIMINARIES

A. Distributionally Robust Control

We now formalize the control problem under parametric
uncertainty using a distributionally robust perspective. In
this setting, the objective is to synthesize a trajectory that
minimizes a task-dependent cost while remaining robust to

parameter uncertainty. To do so, we first consider the following
optimization problem,

Jo(7)

(init. state) (1)

min
T={(zk,uk,cr)VkE[0,ts]}
To €EX
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where Jy(+) : X x U x C x © — R is the task-relevant cost
to minimize, 7 = {(xy, ug, cx)Vk € [t,t + t5]} is a sequence
of states x € X, control inputs u© € U, and contact impulses
¢, € C, with t € [0,T] being the current time iterate within
T total time iterations and ¢;, being the planning horizon, and
f € © are physics model parameters. The Lagrangian L :
X XU x C x © = R of the above optimization problem can
be written as,

L(7,0) = Jo(7) + AT he() (2)

where A € R™¢ is a vector of Lagrange multipliers, and
hg : X xU xC x © — R is the vector of equality
constraints from Eq. [l In this paper, we implement Eq.
via forward rollouts under the surrogate model fy (which we
construct), which computes contact impulses using a spring-
like contact model [19]], and execute the first control input in
a receding-horizon manner, avoiding the need to explicitly en-
force equality constraints in practice. Distributionally Robust
Optimization (DRO) seeks to optimize over the Lagrangian
via a bi-level optimization problem,

min sup Egp 9y [L(77, 0)] 3)

T peP

where p is a surrogate distribution over 6, and P is the
following ambiguity set,

P={p|Dkrlplg) <€} 4)

where ¢ is true unknown target distribution. Since finding an
ambiguity set P is challenging to find a-priori, the above DRO
problem is commonly approximated as shown in [23]] as,

min fe + flogE, lexp (%L(T, 9))] : 5)
where 8 € R™«¢ is a dual auxiliary variable. Optimizing
the second term is more commonly known as the Risk-
Averse Optimal Control Problem [42] [12]]. Note that a similar
objective was derived in [[1] through the ensemble planning
approach. For sufficiently large [, it holds true via second
order Taylor Expansion that,

BlogE, lexp (%E(T, 9))

~E [L(7,0)] + %%Vq [L(r,0)]
(6)

Assumption 1. (KL-ball ambiguity set)[23 [24|] the surrogate
distribution p exists in the e-neighborhood of the target dis-
tribution, where D1, (pllq) < € given small € > 0.



To ensure that the above assumption holds, [23] first esti-
mates the target distribution through a data-driven maximum-
likelihood estimation approach prior to k-Nearest-Neighbor
sampling from the resulting inferred distribution. The above
assumption already holds if terms in Eq. [6]is approximated as,

E, [,C(T,H)] ~ L(T, 9)‘ B

(N
V,[L(7,0)] & VoL(r, 9)‘ ZoaVoL(r. 9)‘ .
where 6 is the parameter mean value, and g9 € R®*® is the
variance about the parameter.

Note that Assumption [T] may not always be guaranteed in
the general case, and is scarce in a variety of manipulation
problems. Therefore, implementing standard DRO in a ma-
nipulation setting filled with high uncertainty, our priors may
not be strong enough to ensure that Assumption [I] holds. In
this work, we develop a novel approach that extends DRO-
based methods without the need of asserting Assumption [I]
by exactly measuring uncertainty through a guided task-aware
variational inference-based method.

B. Stein Variational Gradient Descent

Given a random variable § € ©, the goal of variational
inference is to minimize the Kullback-Leibler (KL) divergence
measure over the target distribution ¢(6) and surrogate p(6),

p*(0) = argmin{D g (p|q)
peEP

= Eop(o) [ logp(0)] — Egp(o) [log q(0)] + log 2}
®)
where z is a constant and thus ignored in the optimization.
Stein Variational Gradient Descent (SGVD) [22] offers a so-
lution through kernel and gradient descent methods that avoids
committing to a parametric variational family P entirely.
SVGD initializes a set of points {63}, from a prior dis-
tribution p(f) = N(6, %) in 6. The points evolve according
to the one-to-one mapping,

0,1 < 0] +a ¢ ,(67) 9)

where ¢}, q(ﬁz) is a smooth function that captures the steepest
descent direction that minimizes the KL-divergence measure at
the ¢ step, with 7" being the total number of SVGD iterations,
and a > 0 is a sufficiently small perturbation magnitude.
We consider ¢, , to be the solution to the steepest descent
problem,

3p() = g min (~VoDicr (plla) | [9]es < 1}
= Eopmq[Agh (01, )]

where A,(-) : © — Sg is Stein’s identity computed for a
universal positive definite kernel function £ : © x 6 — R
operating in a dense ¢ in the space of continuous functions
C(0,R9), where H is the corresponding Reproducing Kernel
Hilbert Space (RKHS). The closed form solution to Eq. [10]is
computed to be,

05 4() =Eg,p[k(6s,-)Volog q(8;) + Vok(0s,)]  (11)

In practice, it is common to approximate the steepest descent
direction ¢,, , using Monte-Carlo sampling over random vari-
ables 0,

N
&% (- %Zk VVelogq(0l) + Vek(0:,).  (12)
t=1
Over sufficient number of iterations of SVGD and number
of samples NN, the sampled parameters become a sufficient
approximation of the target ¢(f). In this work, we utilize
SVGD as a guiding method to evolve parameter points initially
sampled from a prior based on task-aware posterior gradients
in order to deterministically model the parameter distribution
subject to task-sensitivities and robustly solve contact-rich
manipulation tasks. Note that while contact-based control
problems are non-smooth in nature, we utilize a Lagrangian
function that is smooth to take gradients over via SVGD.

IV. STEIN VARIATIONAL DISTRIBUTIONALLY ROBUST
CONTROL

In this section, we derive the main contribution of this work
that formulates the Distributionally Robust Control problem
via Stein variational inference.

A. Variational Approximation of Task-Dependent Parameter
Posterior

We first formulate the parameter posterior distribution
via SVI. Given a set of randomly drawn parameter points
{0}, ~ p(0), where p() is a prior distribution, we approxi-
mate the task-dependent parameter posterior given a likelihood
output O as,

(13)

where 7% is the solved optimal trajectory, and the likelihood
posterior p(O | 6) relates to the target ¢*(0) as

¢'(6) = axgmin Dicz (4(6) || p(O10)).

Here, 6L = L(7*,0) — L(7*,0*) denotes the optimality
gap, where 0% is the true parameter and 7% is the solved
trajectory. Since #* is unavailable, we use the particle mean
0" ~ + Zi\; ¢ as a stable, low-variance reference for evalu-
ating optimality, which is a standard and consistent estimator
that provides stable low-variance reference for defining the op-
timality gap. The key idea is not to recover the true parameter,
but to infer a task-consistent posterior whose particles capture
the parameter variations that matter for producing a single
robust control action under uncertainty. The likelihood output
O encodes parameter-dependent outcomes in task optimality.
The posterior is then calculated as a parameter-conditioned
optimality gap distribution,

() = POIPO) _ exp (0L(7*,0)) p(9)

z B z
where z = [ p(O|v)p(v)dv which reveals the following log
posterior,

p(O ] 0) = exp ((5£(7’*,9))

(14)

5)

constant

logp/(6) =logp(6) + 6L(,0) +logZ.  (16)
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Fig. 2: Illustrative Example of SV-DRO. We visualize SV-DRO on the bimanual Push-T task, where two end effectors move a block to a
goal under uncertain block—ground friction p. Each translucent trajectory is a rollout induced by a different friction particle, initially sampled
from the prior and then transported by SVGD using the task optimality gap. Rather than identifying friction before control or optimizing
against a fixed worst case, SV-DRO reshapes uncertainty online toward parameter realizations most consequential for task success.

We now seek to utilize the posterior distribution to evolve
the #" sampled set of estimators {:}~ , drawn from a prior

p(f) by evaluating the steepest descent direction ¢* : © —
So using Stein’s identity. Given a prior p(f) and a universal
positive definite kernel k£ : © x © — R, the resulting SGVD
steepest descent solution to Eq. [10] is,

¢*(-) = EGNP o) [k(6,-) Vo logp' (6") + Vek(6', )]

1 , , . (17)
~ S KL V0 o 0 + Vok(6], )
i=1

where k(6,0) = exp(—||6 — 6]|2/h) is chosen as a Radius
Basis Function (RBF) kernel [47].

Because the true physics model parameters §* are unknown
and inestimable, we require a method that expands on existing
DRO formulations [16} 23] 24] by diversifying the parametric
inferences 0 ~ p(#) through an evolving task-aware surrogate
posterior that exactly adapts to the uncertainty present. The
benefit of performing SVGD for parametric inference is that
we can compute varied, diverse parameter-sensitive gradients
to the task across a wide range 6, thus reasoning over the
manipulation task over an ensemble of sampled parameter
estimates that accurately estimates the task-aware posterior.

By utilizing SVI, we focus limited computational resources
on task-critical uncertainties. By iteratively shaping the un-
certainty distribution toward high-risk regions, we derive a
robust controller that avoids the conservatism of worst-case
methods while maintaining the sample efficiency of model-
based approaches

B. Stein Variational DRO Formulation

Our goal in using Stein variational inference is to eliminate
the restrictive Assumption [I)is not necessarily guaranteed for a
weak prior p(6). We therefore require a more robust method to
optimize a control sequence u* that reasons about variations of
task sensitivities given that 6* is unknown. To do so, we adopt
the Stein-Variational approach [22]] in the DRO formulation on
the perturbed set of evolving estimators {6} vt € [0, 7],
where T is the total number of time steps.

We first define the evolving estimators 6 to follow the SVGD
perturbation update,

i1 0 + a6 (6) (18)

where a > 0 is the Stein evolve rate and kernel k(6,6) is an

RBF (commonly used in Stein Variational inference 3,

and Vg log p/(0) is the score of the log posterior in Eq. (T6).

The estimators are then implemented to solve the following
optimization problem that extends Eq. [5}

E,c(r i
1
TN

min ,7_ 01
T={(z,ur,ck)VEE[t,t+tr]}

= L(T, 9)

N
Z (r, 91
BT

where @ is the empirically averaged parameter value given the
current parameter points, and £ : 7 — R where 7 x © C
X x U x Cy is the Lagrangian defined in Eq. 2] Here, tuning
parameter «y € (0, 1] is included in order to control the trade-
off between optimizing over the nominal parameters versus
parameter variations. When v = 1, the above formulation
equates to the true Monte-Carlo approximation, but can be
altered for numerical stability. When the auxiliary variable
A in Eq. [§] is sufficiently large, the variance term becomes
negligible, yielding the approximation in Eq. [6] where the
objective reduces to the expectation term, which recovers
Eq. under §L(7,0) ~ L(7*,0) — L(7*,0). We choose
approximate Eg.,,[£(7, 0)] empirically, as this term captures
the gap in task-dependent optimality with respect to parameter
uncertainty, which we aim to minimize.

The core idea is to evaluate task-aware sensitivity gradients
across parameter particles {6i}Y . yielding a particle set
that better represents variations that enlarge the optimality
gap 0L(7,0). Alg. [l| reflects the limited-feedback setting
considered here: instead of replanning and updating particles
after every control input, the controller executes the first H
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Fig. 3: Bimanual manipulation of Push-T with unknown mass distribution. Here, we demonstrate a control solution to the bimanual push-
T task using our proposed SV-DGO. We observe that despite high uncertainty on mass, the bimanual end-effectors are able to successfully
manipulate the T-block to the desired position while avoiding task-sensitive actions as a function of the uncertain parameters.

Success % / Time to Completion (s)

Bimanual Push-T

Within-Hand Dynamic Positioning

< 10 cm

<1lcm

Method <10 cm <1cm
SV-DRO (Ours) 93.25% / 16.45 + 2.45 84.38% / 14.21 + 2.22
DuST-MPC [3]] 71.88% / 14.41 £+ 3.58 59.38% / 13.32 + 2.67
EMPPI [1] 43.75% / 18.88 + 6.29 31.25% / 14.89 + 3.12
MPC 28.13% / 19.56 + 6.21 18.75% / 16.56 + 2.21
DRO 3.13% / 19.12 £+ 3.13 0% / %

100% / 12.00 + 4.78
84.38% / 20.21 £ 5.62
59.38% [/ 22.44 £ 3.22
31.25% / 18.40 £ 5.60
34.38% / 17.79 £ 5.00

100% / 12.00 + 4.78
46.88% / 20.18 + 1.24
40.63% / 21.78 £ 3.43
25% 1 16.80 £ 5.14
28.13% / 18.55 £ 5.15

TABLE I: Simulated performance comparison over 32 trials of the bimanual Push-T and within-hand dynamic positioning experiments under
unknown bounded uniform parameter distribution prior initialization. Results report success rate and completion time as mean =+ standard
deviation. x denotes insufficient completed trials to obtain completion-time statistics.

controls, receives a new measured state = from the measured
dynamics f, and then resolves Eq. [5| Thus, SVGD updates
occur only at the lower feedback frequency, unlike estimation-
driven Stein MPC methods that require continuous state-
transition measurements for online system identification; here,
particles evolve from task-sensitive optimality-gap gradients
and must remain robust between intermittent measurements.

Fig. [2] illustrates this mechanism on bimanual Push-T. Each
translucent rollout is a predicted object trajectory induced by
a different friction particle, with SVGD transporting broad
prior samples toward parameter regions that expose large task
optimality gaps. The central principle of SV-DRO is therefore
to reshape uncertainty online into a task-sensitive particle
set, rather than fully identifying physical parameters before
control.

V. RESULTS

In this section, we demonstrate and analyze the efficacy of
our proposed approach on a variety of contact-based control
problems. To do so, we aim to address the following research
questions:

Q1) Can our proposed approach improve task success rate for
manipulation tasks under broad parameter uncertainty?

Q2) How does Stein variational inference impact the conver-
gence of the DRO problem?

Q3) Does the task-aware parameter inference via Stein Vari-
ational DRO benefit over existing uncertainty mitigating
approaches?

Q4) How does the choice of kernel affect the performance of
Stein Variational DRO?

Algorithm 1 Stein Variational Distributional Robust Control
(SV-DRO)

Require: planning horizon ¢y, parameter prior p(), N parti-
cles, step size a, samples {6¢} | ~ p(f), parameterized
surrogate model fp(zy,uy), time duration 7T, control
execution window H.
t=0
while ¢ < T do
T 4 argmin, £(7,0)|,_; + 7% vazl SL(7,0%)
for h=0,....H—1do
Apply uy), to the system
Teinr < [(Trn, upyy)
end for
x4+ g < measured state after H executed controls
Update SVI using the current task-aware posterior
{074 i}, < SVGD({0;}HY) > Eq.
11: t—t+H
12: end while

R A o e

_.
=4

Q5) What is the computation scaling for our Stein variational
DRO approach with respect to particle parameter size and
planning horizon?

We specifically answer the above questions through implemen-

tations of our approach in the following contact-based control

problems:

« Bimanual Push-T. A bimanual manipulator is tasked
with moving a T-shaped block with unknown mass and
inertia to a goal pose through non-prehensile interactions.

« Dynamic Within-Hand Positioning. A robot manip-
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success rate (w/in 3 cm): 100%
ave. time to success: 11.311 sec

Fig. 4: Continual within-hand dynamic object positioning. SV-DRO repeatedly positions a cup with unknown mass distribution and tray
friction over a continuous 3.5-minute run using AprilTag pose feedback [27]. After each successful placement within 1.5 cm of the goal
axis, the cup is randomly perturbed without stopping the experiment. SV-DRO achieves the desired tolerance in approximately 100% of
trials, demonstrating reliable dynamic sliding under persistent physical uncertainty.

ulates an object with unknown mass distribution (mass
and inertia) and friction coefficient to another goal state
within its tray hand. A reference diagram is shown in Fig.

m

Implementation details for each control problem is detailed
in supplementary material. We compare our approach to three
following baselines:

1) Ensemble Model Predictive Control (EMPPI) [1J, 23],
2) Dual Stein Variational control (DuST-MPC) [3]]

3) Conventional DRO [16 24],

4) and a naive MPC using the prior mean.

The key distinction between Stein-DRO and EMPPI lies
in sample evolution, where Stein-DRO adaptively updates
parameter particles via SVI shown in Eq. [I8] using task-
aware sensitivities, and EMPPI relies on static sampling from
the prior distribution. DuSt-MPC uses SVGD primarily to
perform online Bayesian system identification over dynamics
parameters and controls from repeated state-feedback mea-
surements. We address the above questions in this section with
corresponding answers ‘A(-)’. We evaluate our experiments by
initializing the algorithm’s starting parameters from a bounded
uniform distribution (more details in supplementary material).
For EMPPI and DRO, the sampled parameters are resampled
after every new plan executed by the MPC controller as defined
in Eq. 5] Our method initially samples randomly from this
parameter prior distribution, followed by subsequent SVGD
evolution of the samples.

Al. Improved Performance Under Uncertainty

As shown in Table[[, SV-DRO achieves the highest success
across bimanual Push-T and within-hand positioning while
improving completion times. Success is measured by final
object distance to the goal, matching the task costs used by
each controller.

Fig. 3] shows SV-DRO coordinating two end effectors un-
der uncertain physical parameters, while Fig. ] demonstrates
reliable within-hand positioning under uncertain cup mass
distribution and tray friction. These tasks rely on intermittent
contact and sliding, making them highly sensitive to latent
dynamics and difficult for methods that require persistent
state feedback for system identification, such as DuSt-MPC.
SV-DRO instead transports particles toward parameters that
expose high optimality-gap sensitivity, allowing control to
adapt to task-relevant uncertainty rather than merely fitting
recent measurements. Although our theoretical convergence
guarantees (see supplementary for details) assumes stationary
latent parameters, we also evaluate a discrete parameter shift in
Fig. 5] The robot first approaches a goal with a top-heavy wine
glass of unknown mass distribution, then the glass is filled with
water, abruptly changing its dynamics before the robot serves
it to a second goal. SV-DRO adapts to this sudden posterior
shift and successfully completes the serving task, empirically
demonstrating robustness beyond fixed-parameter settings.

A2. SVI Improves Task-Aware Convergence
We analyze the convergence properties of our approach in
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Fig. 5: Hardware demonstration of within-hand dynamic serving with a top-heavy object. The robot moves a wine glass to a goal pose
and then serves it to a second goal after the glass is abruptly filled with water, inducing a sudden shift in its mass distribution. SV-DRO adapts
to this posterior shift by using task-aware Stein variational gradients, enabling robust manipulation under changing physical uncertainty.
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Fig. 6: Controller convergence based on prior distribution for
Within-hand Positioning. The number of parameter samples, plan-
ning horizon, and prior distributions, are fixed. The results of this plot
are evaluated over 5 trials per method with 5 random seeds. SV-DRO
has improved reliability due to Stein inference.

solving the DRO problem to characterize the impact of SVI
on the within-hand dynamic object positioning task. Our focus
is only on solving the trajectory optimization component in
Alg. [T] until convergence, given an initialization according to
a range of parameter priors drawn from a uniform bounded
distribution. We repeat this process over a set of 16 samples.

The results of the DRO objective convergence are shown
in Fig. [f] in comparison to the baseline methods. We find
that our approach has significantly less variance due to the
deterministic evolution of the SVGD leading to consistent and
reliable controllers despite the variability in parameter prior
initialization. In contrast, the EMPPI approach experiences
high variations of loss over solver iterations due to high
stochasticity in the task-agnostic random sampling process it-
self, which is significantly more unreliable. The DRO approach
converges to a worse-performing controller due its risk averse
nature.
A3. Task-Aware Inference Improves Manipulation

We show the effect on the parameter inference technique
on the overall success of solving a manipulation task. Our
proposed method diversifies the initially sampled parameters

Kernel ~ Success Rate % (< 1 cm)  Completion Time (s)
RBF 100.0% 12.93 £4.78
k=1 100.0% 16.54 £ 2.12
IMQ 100.0% 8.78 £1.34

TABLE II: Effect of kernel choice on SV-DRO performance over
32 trials for within-hand object positioning problem. We compare the
standard RBF kernel, a constant kernel, and the inverse multiquadric
(IMQ) kernel. The IMQ kernel achieves the fastest completion time,
suggesting that its heavier-tailed distribution better preserves particle
diversity over task-sensitive regions of the posterior and avoids
premature mode collapse of Stein particles.

based on a task-aware posterior distribution via SVGD, which
attributes to higher success rates indicated in Tablem However,
what is the exact relationship between the discrepancy of
the evolved samples to the unknown true parameters and the
success rate of the manipulation task at hand?

We address this question by showing the initially sampled
points from the parameter prior/posterior and their relationship
to the respective performance of the within-hand dynamic
object positioning experiment. Fig. [7] relates parameter dis-
crepancy (object distance to goal) to task error for the within-
hand positioning experiment. SV-DRO achieves consistently
lower error across a wide range of discrepancies, showing that
successful control does not require particles to converge to the
true parameter 6. Instead, even with limited sensor feedback,
SVGD transports particles toward task-relevant regions that
expose high-sensitivity optimality-gap directions. In contrast,
DRO and EMPPI degrade as the prior mean moves away
from the true parameter, since their uncertainty representations
remain conservative or task-agnostic rather than task-adaptive.
A4. Choice of Kernel for SV-DRO

We evaluate how the SVGD kernel affects SV-DRO per-
formance. The kernel determines particle interaction during
posterior transport, balancing attraction toward task-sensitive
regions with repulsion that preserves diversity. As shown in
Table all kernels achieve 100% success, indicating that
final task completion is not highly kernel-sensitive in this
experiment. However, completion time varies substantially: the
constant kernel, which removes distance-dependent repulsion,
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Fig. 7: Position Error over Parameter Samples. Here, we
demonstrate the relationship between the performance (measured
as the distance to the goal state) and the initial parameter mean
discrepancy for the within-hand object positioning experiment. Our
approach adapts to task-sensitive parameter uncertainty leading to
lower error despite the discrepancy. We see weaker success rates for
the samples from the EMPPI and DRO samples due to their task-
agnostic posterior samples.

is slowest at ~ 16.54 s, suggesting that task-aware gradients
alone can solve the task but less efficiently without geometry-
aware particle diversity.

The IMQ kernel achieves the fastest completion time at
~ 8.78 s, outperforming the RBF kernel at ~ 12.93 s.
This suggests that stronger long-range particle interactions
help maintain diversity over separated task-sensitive regions
and avoid premature particle collapse. Thus, kernel choice
primarily affects the efficiency, rather than feasibility, of SV-
DRO; heavier-tailed kernels such as IMQ may be preferable
in contact-rich tasks where uncertainty-sensitive modes are
distributed across parameter space.

AS5. Computational Scaling of SVI

Last, we investigate the computational complexity the pro-
posed SV-DRO approach for the within-hand dynamic po-
sitioning experiment. We evaluate the computational time
scaling with respect to the parameter sample size N and the
planning horizon ¢;. All initial conditions, including random
seeds and system state, are fixed. In evaluating over the pa-
rameter sample, we fix the planning horizon to 0.375 seconds
to be constant for all computations, and vice versa. The results
shown in Fig. [§] demonstrate improved computational perfor-
mance with parallelization with the GPU (NVIDIA GeForce
RTX 3080) compared to the CPU (AMD Ryzen Threadripper
3960X 24-Core Processor).

VI. LIMITATIONS

Model Error from Overlooked Parameters A fundamental
limitation of our proposed work is its model-based nature.
We require that the parameter uncertainty class be known in
advance which has the risk of overlooked model parameters.
In particular, inaccurate modeling, like a contact-model that is
unable to capture the relevant frictional forces may have an
adverse effect on the overall performance.

Model Complexity A limitation of our approach, and gener-
ally model-based approaches, is the need to construct reduced-
order model to avoid mitigating computational complexity.
In more general open-world settings, the need to build such
models could become a bottleneck, especially when one needs
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Fig. 8: Computational Analysis over Parameter Samples of SV-
DRO. Here, we demonstrate the computational scaling of the
proposed SV-DRO gradient step as a function of the parameter sample
size N (left) and planning horizon ¢, (right). With the CPU (AMD
Ryzen Threadripper 3960X 24-Core Processor), we observe linear
scaling with an increase of sample size, and with the GPU (NVIDIA
GeForce RTX 3080), we observe constant computational scaling
(about 77 ws). For change in planning horizon length, we observe
linear scaling with the CPU and sublinear scaling with GPU due to
added parallelization.

to accurately characterize uncertainty. Model-free approaches
excel in these scenarios but lack any form of interpretability.
An open challenge is bridging the gap between these classes of
methods, especially when reliability and robust performance
is necessary. Future work will consider using the flexibility of
Stein variational inference under less model-based restrictions.
Sensitivity to Informative Priors As shown in Eq. [T6] the
prior score Vylogp(6) enters every SVGD update, with the
task-aware optimality-gap gradient in Alg. [I} Our bounded
uniform prior has zero interior score, allowing task sensitivity
to dominate particle transport. More informative priors, such
as Gaussians centered at nominal estimates, can persistently
pull particles toward the prior mean and suppress exploration
of task-critical uncertainty directions. Future work will study
structured priors to characterize this tradeoff.

VII. CONCLUSION

In summary, we present an approach that enables robots to
reliably complete manipulation tasks under broad parameter
uncertainty. Our approach combines Stein variational inference
and Distributionally Robust Optimization to accurately model
uncertainty in parameters and synthesize control solutions that
enhance task performance. We demonstrate accurate modeling
of task-aware posterior via Stein variational inference and
show significant improvements in contact-rich manipulation
problems. Last, we showcase the reliability of our approach
in real-world settings via a continually running within-hand
manipulation experiment.
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