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Fig. 1: Within-Hand Dynamics positioning of a cup with unknown mass distribution. SV-DRO reliably repositions a cup via within-
hand sliding over continuous 3.5-minute trials, despite unknown mass distributions induced by objects inside the cup. The robot repeatedly
repositions the cup upon reaching a goal tolerance (< 1.5 cm) without interrupting execution. The method achieves ~ 80% success at this
tolerance (100% with relaxed tolerance) while persistently correcting deviations online.

Abstract—Reliable robotic manipulation requires control poli-
cies that accurately represent and adapt to uncertainty in contact-
rich interactions. Modern data-driven methods rely on large-
scale training to mitigate uncertainty but degrade under limited
data, while classical model-based controllers are efficient yet
struggle to capture task-relevant uncertainty. We address this
gap by formulating manipulation as a distributionally robust
control problem and introducing a deterministic Stein variational
inference-based approach that explicitly models task-sensitive pa-
rameter uncertainty while preserving performance. The resulting
controller adapts to task-critical uncertainty rather than reason-
ing conservatively over worst-case uncertainty, achieving high
reliability without sacrificing efficiency, and demonstrate up to
3x improved robustness across diverse contact-rich manipulation
tasks under broad parametric uncertainty compared to existing
model-based methods.

I. INTRODUCTION

In-the-wild robotic manipulation requires operating under
significant physical uncertainty, where reliable control hinges
on the ability to exploit and adapt to uncertain interactions.
Modern approaches address this through large-scale data and
computation (8] [7, 3], effectively attempting to cover
all possible scenarios at the expense of precision and inter-
pretability, and degrading rapidly with limited samples [6].
The central objective is to develop zero-shot manipulation con-
trollers that adapt to physical uncertainty without sacrificing
performance or robustness.

Prior work on uncertainty-aware manipulation spans data-
driven and classical paradigms with distinct trade-offs in

robustness [33] [2]: data-driven methods [10, provide
adaptability but require extensive data, compute, and uncer-
tainty coverage [26]], ensemble approaches [11, 22|
optimize average performance but fail under limited samples
and depend on assumed uncertainty ranges, and distribution-
ally robust methods [20) 28, O] ensure guarantees via
worst-case formulations but are overly conservative in
contact-rich settings. Thus, we aim to extend model-based
control through flexible uncertainty modeling that adapts to
uncertainty while retaining manipulation performance.

To achieve this, we formulate manipulation control as a
distributionally robust optimization problem and introduce a
deterministic framework based on Stein variational inference
[T9]. Our approach extends conventional DRO by opti-
mizing over a deterministic set of parameters evolved from a
prior via Stein variational gradient descent (SVGD) [[19]. This
enables tractable, non-parametric approximation of task per-
formance under parameter uncertainty, while remaining com-
putationally efficient and parallelizable [18]. By explicitly
modeling how parameter variations impact task performance,
the method performs exact inference over uncertainty-sensitive
actions, which is critical in contact-rich manipulation.

Empirically, the proposed approach achieves optimal task
performance under high parameter uncertainty with limited
feedback, outperforming existing model-based baselines [T,
[13]]. Unlike worst-case formulations, our method optimizes
for task sensitivity to parameter variations, prioritizing uncer-



tainties that most affect performance and thereby improving
expected outcomes. We validate this approach on contact-
rich tasks including within-hand dynamic positioning and bi-
manual manipulation, demonstrating enhanced robustness and
efficiency.

II. 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,

min Jo(T)
T:{("I"j yUj ,Cj)VjE[O,T]}
To €X (init. state) (1)
s.t{c; €Cy (contact model)

xjt1 = fo(z;,u;) (dynamical model)

where Jy() : T x © — R, where T C X x U x Cy, is the
task-relevant cost to minimize, 7 = {(x;, u;,¢;)Vj € [0,t,]}
is a sequence of states x € &, control inputs u € U, contact
impulses ¢; € Cg, and 6 € © are physics model parameters,
where t; is the planning horizon. Distributionally Robust
Optimization (DRO) seeks to optimize over the Lagrangian
via a bi-level optimization problem,

mTin max Egpoy [L(T,0)] (2)
where £ : 7 x ©® — R is the Lagrangian to the above
optimization in Eq. [I} p is a surrogate distribution over 6,
and P is the following ambiguity set,

P={p|Dgrlplq <€} 3)

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 [20] as,

1
in Ae + AlogE (5£0)|- 4
Join Ae+ Alog qleXp LT )] ©)
where A € R™e¢ is a dual auxiliary variable. Optimizing the
second term is more commonly known as the Risk-Averse
Optimal Control Problem [31} [11]]. For sufficiently large A, it
holds true that,

~Ey[L(,0)] + %%Vq [L(r,0)]

(&)

Assumption 1. (KL-ball ambiguity set)[20, 121|] the surrogate
distribution p exists in the e-neighborhood of the target dis-
tribution, where Dk, (p||q) < € given small € > 0.

log E, | exp (%E(T, 9))

To ensure the above assumption holds, prior work [20]]
estimates the target distribution via data-driven maximum-
likelihood before performing k-nearest-neighbor sampling

from the inferred model; however, this assumption is not
guaranteed in general and is often violated in manipulation
settings with high uncertainty where priors are insufficiently
informative. Consequently, standard DRO becomes unreliable
in such regimes, motivating our approach, which removes the
need for Assumption [I] by directly and exactly characterizing
uncertainty through a guided, task-aware variational inference
framework.

B. Stein Variational Gradient Descent

Given a random variable £ € =, variational inference
seeks to minimize the Kullback-Leibler divergence between a
surrogate p(&) and target distribution ¢(£). Stein Variational
Gradient Descent (SVGD) [19] provides a non-parametric
solution via kernelized gradient descent, initializing particles
{€}N., from a prior p(€) = N(£,%¢) and evolving them
through a deterministic mapping.

e rads (&) (6)

where ¢;’q(£§) is a smooth function that captures the steepest
descent direction that minimizes the KL-divergence measure
at the s™ step, and o > 0 is a sufficiently small perturbation
magnitude. We consider ¢, . to be the solution to the steepest
descent problem shown in [27, [15, [3] and approximated via
Monte-Carlo sampling over random variables &,

N

Gip) & = DO K(EL IVelogp/(€1) + Vek(€l ) (1)

t=1

where k(-) is a universal, positive definite kernel function
that enforces particle repulsion to promote exploration over
the approximated posterior p’(-). Over sufficient number of
iterations of SVGD and number of samples NV, the sampled
parameters become a sufficient approximation of the target

q(§)-

III. 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
{03, ~ p(6), where p(f) is a prior distribution, we ap-
proximate the task-dependent parameter posterior for a given
outcome O as,

¢'(6) = avgmin Dics. (4(0) | 2(O10))

where p(O|0) = exp (— 6L(7,6)) is the Boltzmann posterior
of the task Lagrangian optimality gap modeled as 0L =
L(1*,0) — L(7*,0%) with 0* being the true parameter value.
Because 6* is not available to us in advance, we aim to
approximate the true parameter through an empirical average
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Fig. 2: 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-DRO. 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.

(a) Bimanual Push-T

Success % / Time to Completion (s)

(b) Within-Hand dynamic positioning
Success % / Time to Completion (s)

Method (<10 cm to goal) (<1 cm) to goal (<10 cm to goal) (<1 cm) to goal
SV-DRO (Ours) 100 % / 14.69 + 3.27 s 45 % / 1552 + 3.08 s 80 % /893 + 299 s 50 % / 895 + 2.66 s
EMPPI [1]] 30 % /16.26 + 3.79 s 0%/ x 40 % / 7.83 £ 093 s 20 % / 8.56 £ 0.92 s
MPC 80 % / 14.16 + 432 s 15 % /1644 £ 3.87 s 40 % /9.11 + 142 s 5% /855 +028s
DRO 0%/ x 0%/ x 40 % / 10.567 + 2.298 10 % / 11.438 £+ 0.962

TABLE I: Simulated performance over 20 trials (mean =+ std) for bimanual push-T and within-hand positioning under bounded uniform
parameter priors (see supplementary); = denotes insufficient completions for timing statistics. SV-DRO significantly improves within-hand
success despite high parameter uncertainty and limited state estimation.

over the sample points, % Zfil 0;, which is commonly done
in past Stein literature [15] [14]. Here, the likelihood model
output O is an output that encodes model optimality variations
with respect to the parameters of interest. The log posterior
is then calculated as a parameter-conditioned optimality gap
distribution,

constant

log p'(0) = log p(6) — ) +logZ"
We now seek to utilize the posterl_or distribution to evolve the
jM sampled set of estimators {¢7}Y ,Vj € Z* 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. [/ s,

Zk

where k(0,0) = exp(—||0 — ]|2/h) is chosen as a Radius
Basis Function (RBF) kernel [34].

Because the true physics parameters 6* are unknown and
inestimable, we extend existing DRO formulations [13} 20} 21]
by diversifying parametric inference 6 ~ p(f) through an
evolving, task-aware surrogate posterior that explicitly adapts
to uncertainty. Leveraging SVGD enables diverse, parameter-
sensitive gradients across a broad range of 0, effectively
reasoning over an ensemble of samples that accurately ap-
proximates the task-aware posterior. This focuses limited
computation on task-critical uncertainties, yielding a robust
controller that avoids the conservatism of worst-case methods
while preserving the sample efficiency of model-based control.

IVologp'(07) + Vek(6?,-)  (9)

B. Stein Variational DRO Formulation

Our goal in using Stein variational inference is to is to
eliminate the restrictive Assumption [I]is not necessarily guar-
anteed for a weak prior p(f). We therefore require a more
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Fig. 3: 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.

robust method to optimize a control sequence u* that reasons
about variations of task sensitives given that 8* is unknown.
To do so, we adopt the Stein-Variational approach [19] in the
DRO formulation on the perturbed set of evolving estimators
{0}y \vj e Z*.

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

U,y 0 + a6 (0) (10)
where a > 0 is the Stein evolve rate and kernel k(6,6) is an
RBF (commonly used in Stein Variational inference [14} [3])),
and Vylogp/'(0) is the score of the log posterior in Eq. (8).
The estimators are then implemented to solve the following
optimization problem that extends Eq. 4]

N

1
min L(T, 9 5 — 11
T={(z;,u;,c;)Vi€[0,tn]} ( ) =t Nz:: ) (an



where 6 is the empirically averaged parameter value given
the current parameter points and + is a design parameter that
controls the trade-off between optimizing over the nominal
parameters versus the variations of parameters. While Eq.
can be approximated via Eq. [5] we instead estimate the
expected optimality gap using Monte Carlo sampling as in
Eq. [T1] evaluating task-aware parameter sensitivity gradients
over diverse estimators {67} ;. This yields a more accurate
representation of task-relevant sensitivities §£(7,6) and pro-
duces controllers that better mitigate the optimality gap; the
full method is detailed in Alg. [I]

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

. . . . . . t )
Require: planning horizon ¢y, init. traj. 7 = {x;, u;,¢; /",

prior p(0), step size «, design param. ~, samples
{69} | ~ p(0), parameterized dynamics fy(z;,u;), time
duration 7.
j=0
while j < T do _
T argmin, £(7,0)|,_; +7 % vazl 8L(7,60])
Apply first control via MPC
Tjy1 < f9 (ifj, U*[OD > T = {(‘razthﬂ ua:th ) CS:th)}

Update SVI
{0751}, « SVGD({#I}Y ) - Eq
jeJ+1

end while

R e A A

IV. RESULTS

We evaluate our method on two contact-rich manipulation
tasks: (i) Bimanual Push-T, where a bimanual manipulator
moves a T-shaped block with unknown mass and inertia to
a goal pose via non-prehensile interactions, and (ii) Dynamic
Within-Hand Positioning, where a robot repositions an object
with unknown mass, inertia, and center of mass within a
tray. Contact dynamics are modeled via a softplus/softmax
Lagrangian formulation [16], with full implementation details
provided in the supplementary material. We compare against
EMPPI [1, 22], conventional DRO [[13| 20, 21]], and a naive
MPC controller using the prior mean. All methods initialize
parameters from a bounded uniform distribution; EMPPI and
DRO resample parameters after each MPC update (Eq. H),
whereas our method samples once and subsequently evolves
particles via SVGD.

Improved Performance Under Uncertainty. As shown in
Table [l SV-DRO achieves higher success rates under a given
tolerance—defined by distance to the goal state for both bi-
manual push-T and within-hand positioning—while maintain-
ing comparable or lower completion times. Qualitative results
(Fig. Fig. demonstrate coordinated, uncertainty-aware
behavior, where SVGD particle diversity steers exploration
toward performance-relevant regions, enabling richer contact
interactions and adaptation to latent parameter uncertainty
(e.g., unknown mass distribution). Overall, combining SVGD
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Fig. 4: Position Error vs. Param. Samples. We show the relation-
ship between task performance (distance to goal) and initial parameter
mean discrepancy in the within-hand positioning experiment; our
method maintains lower error by adapting to task-sensitive uncer-
tainty despite discrepancy, while EMPPI and DRO exhibit weaker
success due to task-agnostic posterior samples.

with DRO effectively approximates the task-aware posterior
p(0|6), yielding controllers that robustly adapt to uncertainty
in a task-sensitive manner.

SVI Improves Task-Aware Convergence. We analyze
convergence of our method in solving the DRO problem
for within-hand dynamic object positioning by isolating the
trajectory optimization in Alg. |1| and iterating to convergence
from parameter priors sampled uniformly within bounded sets,
repeated over 16 trials. As shown in Fig. 3| our approach
exhibits significantly lower variance due to the deterministic
evolution of SVGD, yielding consistent and reliable controllers
despite variability in prior initialization. In contrast, EMPPI
displays high loss variance across iterations due to stochastic,
task-agnostic sampling, while classical DRO converges to
inferior solutions due to its inherently risk-averse formulation.
A3. Task-Aware Inference Improves Manipulation. We
study the impact of parameter inference on manipulation
success by relating parameter sample discrepancy to task
performance in within-hand dynamic positioning. Our method
evolves initially sampled parameters into a task-aware poste-
rior via SVGD, yielding higher success rates (Table [I) and,
as shown in Fig. |4} improved performance irrespective of the
initial L2 error to the unknown true parameters. This indicates
that task-aware, non-parametric inference captures sensitivity-
relevant uncertainty more effectively than baseline methods,
whose performance degrades as their prior mean deviates
from the true parameters due to conservative or task-agnostic
responses to uncertainty.

V. CONCLUSION

We present a method for reliable manipulation under broad
uncertainty by integrating Stein variational inference with
DRO to model task-aware uncertainty and synthesize high-
performing controllers, demonstrating accurate posterior ap-
proximation, significant gains in contact-rich tasks, and real-
world robustness via continuous within-hand experiments.
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