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Abstract

Safe robotic control in contact-rich environments requires navigating non-convex optimization
landscapes while enforcing safety constraints and achieving task-level precision. Annealing-
based sampling MPC methods enable fast exploration of complex solution spaces but lack
principled constraint handling and struggle to reach the tight tolerances required by precise
manipulation tasks. We propose Constrained Annealing-based Sampling MPC (CAS-MPC),
which integrates inequality constraints via a primal-dual weight reshaping scheme that pre-
serves sample diversity, and a hybrid refinement strategy that switches to Sequential Lin-
ear—Quadratic MPC for millimeter-level precision once near the goal. On a Unitree Go2
quadruped and a Fetch mobile manipulator, CAS-MPC maintains a 1.0 alive-trajectory ratio
during obstacle avoidance, while the hybrid controller reduces average convergence time by
47% over SLQ-MPC and average position error by 71% over CAS-MPC alone across five
SE(3) reaching tasks.
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Abstract: Safe robotic control in contact-rich environments requires navigating non-convex
optimization landscapes while enforcing safety constraints and achieving task-level precision.
Annealing-based sampling MPC methods enable fast exploration of complex solution spaces but
lack principled constraint handling and struggle to reach the tight tolerances required by precise
manipulation tasks. We propose Constrained Annealing-based Sampling MPC (CAS-MPC),
which integrates inequality constraints via a primal-dual weight reshaping scheme that preserves
sample diversity, and a hybrid refinement strategy that switches to Sequential Linear—Quadratic
MPC for millimeter-level precision once near the goal. On a Unitree Go2 quadruped and a Fetch
mobile manipulator, CAS-MPC maintains a 1.0 alive-trajectory ratio during obstacle avoidance,
while the hybrid controller reduces average convergence time by 47% over SLQ-MPC and average
position error by 71% over CAS-MPC alone across five SE(3) reaching tasks.
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1. INTRODUCTION

Robotic systems operating in unstructured environments
must balance global exploration of non-convex cost land-
scapes with satisfaction of safety constraints and task-
specific accuracy in contact-rich scenarios. Traditional
gradient-based MPC methods like Sequential Linear-
Quadratic (SLQ) MPC often get trapped in local min-
ima when initialized far from feasible solutions, while
sampling-based variants such as annealing-based sampling
MPC mitigate this through stochastic parallel rollouts
with dual-loop annealing that balances exploration and
convergence (Xue et al., 2024). However, annealing-based
sampling MPC does not explicitly handle inequality con-
straints, exploring the action space without bias toward
feasible regions, and its inherent stochasticity makes it
difficult to converge within the tight tolerances required for
precision-oriented tasks such as manipulation or assembly.

To address these gaps, we propose Constrained Annealing-
based Sampling MPC (CAS-MPC) with a hybrid re-
finement mechanism. CAS-MPC extends unconstrained
annealing methods with a primal-dual weight reshaping
scheme that augments rollout costs with adaptive soft
penalties based on maximum constraint violations, pro-
gressively biasing the sampling distribution toward safe
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regions without the sample inefficiency of hard rejection.
To overcome the precision limits inherent to stochastic
sampling, we further extend CAS-MPC into a hybrid ar-
chitecture that automatically switches to SLQ-MPC for
gradient-based refinement when a weighted task residual
indicates proximity to the goal, with warm-start trajec-
tory transfer ensuring smooth handover. The result is a
unified controller that transitions from fast, robust global
exploration to precise local feedback control, adapting
seamlessly to tasks ranging from coarse locomotion to fine
SE(3) manipulator reaching.

1.1 Related Work

Sampling-based MPC optimizes a finite-horizon control
sequence by sampling perturbed action trajectories, rolling
out dynamics, scoring their costs, and updating the nom-
inal sequence via cost-weighted averaging. In contrast,
optimization-based approaches such as offline NLP for-
mulations (Dai et al., 2025) and online gradient-based
methods like SLQ-MPC (Pankert and Hutter, 2020) em-
bed explicit constraints but typically rely on reduced-order
models or local linearization, and can get trapped in local
minima in cluttered environments. Sampling-based ap-
proaches avoid these limitations by leveraging high-fidelity
simulators directly and exploring non-convex landscapes
stochastically.



Within this family, MPPI (Williams et al., 2016) is widely
used due to its parallelizability and reliance on roll-
outs only. Subsequent work improves sampling efficiency
through covariance shaping (Yin et al., 2022; Yi et al.,
2024), robust formulations (Williams et al., 2018), biased
samplers (Trevisan and Alonso-Mora, 2024; Askari et al.,
2025), or learned traversability (Dong et al., 2025). Predic-
tive Sampling in MJPC (Howell et al., 2022) demonstrates
a competitive real-time shooting baseline.

A key challenge in applying sampling-based MPC to high-
dimensional problems like full-order robotic systems is the
exploration—exploitation trade-off: large sampling variance
provides better global coverage but yields high-variance
solutions, while small variance enables precise local con-
vergence but risks entrapment in poor local minima.
Annealing-based methods such as DIAL-MPC (Xue et al.,
2024) address this through a dual-loop annealing process
that progressively reduces sampling noise. However, DIAL-
MPC does not explicitly handle inequality constraints,
potentially producing unsafe trajectories in contact-rich
settings.

1.2 Contributions

The primary contributions of this work are:

e proposing Constrained Annealing-based Sampling
MPC (CAS-MPC) that integrates primal-dual weight
reshaping for efficient constraint satisfaction in contact-
rich robotic control.

e introducing an extension of CAS-MPC with Sequen-
tial Linear-Quadratic (SLQ) MPC refinement for
tasks demanding precision, featuring an automatic
switching mechanism and warm-start transfer that
enables both global exploration and precise local feed-
back control.

e demonstrating the efficacy of our approach through
simulation and hardware experiment.

2. PRELIMINARY AND PROBLEM STATEMENT
2.1 Problem Formulation

We consider a robotic system with dynamics:

= f(z,u), (1)
where x € X C R"™ is the state, u € U C R™ is the
control input, and f : X XU — R™* represents the system
dynamics.

To achieve desired behaviors while respecting physical
limitations and safety requirements, we seek control inputs
that optimize a given task objective over a finite time
horizon. This naturally leads to a constrained optimal
control formulation. Specifically, at each time step ¢,
we formulate the following finite-horizon optimal control
problem:

o
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where ¢ : X x U — R, is the running cost that encodes
the task objective, £y : X — R is the terminal cost, and
g: X xU — R™ encodes inequality constraints such as
state bounds, control limits, and collision avoidance.

2.2 Sampling-Based MPC

In unconstrained MPPI, perturbations are added to the
nominal sequence and the update is a softmax-weighted

average:
U+U+; o(- 2 )[W],

Zexp( IV

where U = uy.44 g is the nominal control sequence defined
over time instants {t,t + 1,--- .t + H}, {{[W];}2%
N(0,2s4m) are 1id. Gaussmn perturbations, J(-) is
the cumulative rollout cost for a control sequence (e.g.,
JU) = Splol@esn,urpn) + Lp(@rms1)), Nw is the
number of samples, and 7 > 0 is the temperature control-
ling the sharpness of the softmax weights. However, this
unconstrained formulation cannot guarantee constraint
satisfaction. A common remedy is trajectory filtering,
where samples violating constraints are discarded be-
fore computing the weighted update; yet this approach
can drastically reduce the effective sample count near
constraint boundaries, leading to high-variance updates
or even solver failure when most or all trajectories are
rejected. Furthermore, the fixed covariance in standard
MPPI limits exploration-exploitation balance: large noise
improves exploration while small noise favors exploitation.
Our approach addresses the first issue through primal-dual
weight reshaping, which preserves all samples while adap-
tively steering the distribution toward feasible regions, and
leverages dual-loop annealing to balance exploration and
exploitation.

(3)

~

2.8 Dual-Loop Annealing for Sampling-Based MPC

Building on (Xue et al., 2024), we adopt a dual-loop
annealing schedule to address the exploration—exploitation
trade-off in non-convex landscapes: (i) a trajectory-level
outer loop of N refinement stages that progressively
shrinks the overall sampling covariance, and (ii) an action-
level inner loop that shapes the per-step variance along the
horizon, assigning smaller variance to near-term actions
and larger variance to later ones. A practical instantiation
combines the two schedules into per-step isotropic covari-
ances:

Z()h—ag exp( N—i

/N
(4)

where oy > 0 is a base scale, Iz, is the d, X d, iden-
tity, ¢ € {1,...,N} is the annealing-stage index, and
B1, B2 > 0 control the outer-stage shrinkage and horizon-
level allocation, respectively. Larger (5 assigns relatively
larger variance to later actions in the sequence (which
will be revised more times) and smaller variance to near-
term actions. The block-diagonal sequence covariance is

=, 4 = blkdiag(=,, ...

H—h)
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simplifies implementation and reduces tuning complexity
at the cost of uniform exploration across all control dimen-
sions.

2.4 Sequential Linear-Quadratic MPC

Sequential Linear-Quadratic (SLQ) MPC is a gradient-
based method for trajectory optimization that achieves
precise local control through iterative refinement (Pankert
and Hutter, 2020; Neunert et al., 2016; Grandia et al.,
2019). Given a nominal rollout {z}°™ u{f}/7" ! SLQ-MPC
linearizes the dynamics to form a time-varying LQ sub-
problem with Ay = I + Atd,f and By = AtJ,f, then
solves it via Riccati recursion to obtain a time-varying
affine policy:

wern(e) = ufyp + Kepn (@opn — 2090). (5)
For task costs, we define a residual r(x) € R" encoding

task-specific error (e.g., end-effector pose error), with cost
U(z,u) = ir(z) "Wr(z) + Ju' Ru.

Inequality constraints h;(z,u) > 0 are handled within the
SLQ framework via relaxed log-barrier functions (Grandia
et al., 2019), augmenting the stage cost as f(z,u) =
O(x,u) + ,quvznl B(hi(z,u)), where p > 0 is the barrier
weight and B(-) is a relaxed log-barrier with quadratic
extension near the constraint boundary to maintain dif-
ferentiability.

3. METHOD

This section addresses two challenges: ensuring constraint
satisfaction during exploration via CAS-MPC with primal-
dual weight reshaping (Section 3.1), and achieving preci-
sion via a hybrid extension that transitions to gradient-
based refinement (Section 3.2).

3.1 Constrained Annealing-Based Sampling MPC

While the dual-loop annealing schedule (Section 2) im-
proves convergence to high-quality solutions compared to
fixed-covariance MPPI by balancing exploration and ex-
ploitation, it does not effectively ensure constraint satis-
faction: the annealed sampling explores the action space
without bias toward feasible regions, potentially produc-
ing unsafe trajectories that violate collision-avoidance
constraints or state bounds. We extend the framework
with a primal-dual approach that incorporates constraints
through soft penalties while maintaining computational
efficiency and sample diversity.

For each sampled trajectory i with rollout {z! +h}ff:0

generated by control sequence U + [W];, we compute the
worst-case constraint violation:

¢ = 9($§+h)]+a (6)

where [z]1 =max{z,0} is the hinge function. This metric
captures the maximum violation across the entire horizon,
ensuring that trajectories with any constraint violation are
penalized. We augment the original cost with a weighted
penalty term:

Ji = JU+ W) + Ay, (7)
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Fig. 1. Overview of the hybrid architecture: Given a task
goal, the controller computes a task residual measur-
ing the distance to the goal. When this residual is
large (far from goal), CAS-MPC performs global ex-
ploration. When the residual is small (near optimal),
the controller switches to SLQ-MPC for precise local
refinement using Riccati-based feedback control.

where A > 0 is the dual variable that adapts to enforce
constraint satisfaction. The importance weights become:
o — eXp( — j1/7'> (®)
1 T N ~ .
POt exp( = J;/7)

The control update aggregates the weighted perturbations:

Nw
Ut =U + Zwi (Wi, 9)

The dual variable is updated to drive constraint satisfac-
tion:
Nw
e e adwe] om0 0
where 7 is the dual learning rate. This update increases
A when the weighted average violation is positive, thereby

increasing the penalty on infeasible trajectories in subse-
quent iterations.

The primal-dual formulation offers key advantages over
alternative constraint handling strategies. Trajectory fil-
tering, which discards infeasible samples, corresponds to
setting ¢; = oo in our formulation, driving importance
weights w; — 0 in (8). While this achieves hard constraint
enforcement, it suffers from two limitations: (1) near con-
straint boundaries, most samples may be rejected, leading
to sample starvation and high-variance updates; and (2)
infeasible samples still carry useful information about the
cost landscape that is lost when discarded. Pure penalty
methods with fixed weights avoid sample starvation but re-
quire careful tuning of penalty values and cannot adapt to
varying constraint difficulties. Our primal-dual approach
addresses both issues by using finite, adaptive penalties
that down-weight but do not eliminate infeasible samples,



Algorithm 1 Constrained Annealing-based Sampling
MPC with Primal-Dual Updates

Require: Horizon H; simulation length 7T'; annealing

stages © = N,...,1; nominal sequence Ut(SLH = 0;
temperature 7; sample count Ny ; schedules (i, fBs;
dual learning rate n

1: Initialise dual variable A < 0

2: for t + 0 to T do

. 0 1 1
3 Shift plan: UL, 7 [}, ... ul QH‘t_l, 0]
4: for i + N down to 1 do
5: for h < 0 to H do
(@) —i —h
6 ¥y, ojexp _glN_ng)Idu
7 S diag (21, 2,)
8: Sample (W], ~ N (0, EEZLH) Jk=1: Ny
9: Roll out dynamics, obtain Jy and g
10: Compute violation ¢, + max; {0, —g(zf )}
11: Augmented cost T < Ji + Aoy,
) A
12: Importance weights wy = Zeif’ﬂ*
J
13: Primal update: U®) « UG=Y 4+ 5w, [W];,
14: Dual ascent: A <— max {0, \ + 71>, wrdr}
15: Apply first control u; <« Ut(N) to system; observe

next state xy41;t 1t +1

extracting information from all rollouts while progressively
steering the distribution toward feasibility through the
iterative dual update mechanism.

The complete procedure is summarized in Algorithm 1.
8.2 Hybrid Architecture for Precision Tasks

Hybrid Switching Logic  Fig. 1 illustrates the hybrid
architecture. Given a task goal specifying the desired posi-
tion Zgeal and orientation rotgeal, the controller computes
a task residual r(z) combining position error e, = Tee —
Tgoal and orientation error eg = 1og(rot;olal rotee)v € R3,
denoted compactly as rotee © rotgear, where log(-)Y is
the SO(3) logarithm map. The transition between CAS-
MPC and SLQ-MPC is governed by a weighted proximity

metric:
h(z) & ||r(@)[lw = \/r(x) TW r(2), (11)

where r(z) is the task residual used in SLQ-MPC (as
defined in Section 2). Given a threshold 7s, > 0, the hy-
brid controller operates in CAS-MPC (exploration mode)
when h(z;) > 7w, leveraging sampling-based methods to
navigate the non-convex landscape. When h(z:) < e,
the controller switches to SLQ-MPC (refinement mode)
for precise local convergence via Riccati-based feedback.

Warm-Start ~ When switching from CAS-MPC to SLQ-
MPC, state continuity is preserved through warm-starting:
the final trajectory from CAS-MPC {zo™ uff}1°" ini-
tializes the SLQ solver, with feedback gains set to zero
(Kj = 0) for stable initial rollout. This warm-start mech-
anism is crucial for ensuring smooth transition from CAS-
MPC. We note that this switching scheme does not for-
mally guarantee recursive feasibility of SLQ-MPC at the
handover, particularly if the threshold is reached near

constraint boundaries; in practice, choosing 74, such that
the residual is dominated by goal-tracking error rather
than constraint slack avoids this regime, and a principled
treatment via terminal sets or invariance-based switching
is left to future work. At runtime, the controller evaluates
h(z:) at every step, runs Algorithm 1 while h(x:) > Taw,
and on the first step where h(z;) < 7y performs the
warm-start transfer above and switches to SLQ iterations
(linearization, Riccati backward pass, forward rollout with
line search) for all subsequent steps, applying u; = uff +
Kt(a:t - m?om).

4. EXPERIMENT
4.1 Simulation Setup

We validate our approach in simulation using two robotic
platforms that demonstrate the framework’s adaptability
to different precision requirements. For tasks where pre-
cision is not critical, we use a Unitree Go2 quadruped
performing dynamic locomotion that focuses primarily
on constraint satisfaction, using CAS-MPC-only control.
For precision-critical tasks, we employ a Fetch mobile
manipulator performing SE(3) goal pose reaching with
the hybrid CAS-SLQ-MPC extension. All simulations are
conducted using MJX physics engine, which provides the
parallel sampling capabilities required by sampling-based
methods.

4.2 Hardware Setup

We validate the hybrid framework on a Fetch mobile
manipulator performing SE(3) end-effector reaching tasks.
To ensure safety during initial hardware validation, we
conduct fixed-base experiments where the mobile base
remains stationary while the 8-DOF arm (including 1-
DOF torso) reaches target poses approximately 1.6m from
the robot’s base, requiring near-full arm extension and a
specific gripper orientation that tests both positional and
rotational alignment. We compare CAS-MPC-only, SLQ-
MPC-only, and the proposed hybrid approach, with three
trials per method. The control system runs at 50 Hz; for
the hybrid controller, mode switching uses 74w = 5 with a
0.2 s minimum dwell time between transitions.

4.8 Simulation Results

CAS-MPC' for Quadruped Locomotion ~ We compare
primal-dual constraint handling against a trajectory-
filtering baseline that discards rollouts violating con-
straints before the MPPI update; both share the same
annealing schedule and cost. The task is forward trotting
at 1.0m/s past a circular obstacle of radius 0.5 m placed
1.5m ahead, with a 0.3 m safety margin around the obsta-
cle. Figure 4 shows that while both methods avoid the
obstacle, the alive ratio for trajectory selection rapidly
decreases and approaches zero, whereas the primal-dual
method maintains an alive ratio of 1.0 throughout.

Hybrid Refinement for Precise Mobile Manipulation ~ We
further evaluate SE(3) goal-pose reaching with the Fetch
manipulator, reaching a target end-effector pose while
avoiding a cylindrical obstacle. Figures 2 and 3 show the



Fig. 2. Simulation snapshot of robot trajectory with PD update from T=0s to T=5s: The robot navigates around the
obstacle using primal-dual update (T=1s-2s) and reaches its goal configuration by T=>5s.

Fig. 3. Simulation snapshot of unconstrained robot trajectory from T=0s to T=>5s: The robot collides with the obstacle
at T=1s and struggles to reach the goal configuration by T=5s.

Table 1. Performance comparison across five SE(3) goal-reaching tasks. Mean + std over 5
trials. Time-to-1.0 (s) measures convergence speed; Pos. Error (m) and Rot. Error (rad) measure
precision when A < 1.0.

Time-to-1.0 (s) |

Goal SLQ CAS-MPC Hybrid SLQ

Pos. Error (m) |
CAS-MPC

Rot. Error (rad) |

Hybrid SLQ CAS-MPC Hybrid

1 6.47+£2.73 3.11+0.23 3.424+0.37
2 593+193 3.17+0.60 3.77+0.70
3 4.68+£0.92 5.61+340 3.20+0.56
4 7.73+£3.16 3.15+0.22 3.21+0.43
5 7.34+£3.52 6.39 £ 3.27

0.063 £0.023 0.193 £0.023 0.043 £ 0.003 | 0.131 £0.011 0.128 £0.015 0.119 £ 0.006
0.100 £0.072 0.157 £0.020 0.040 £ 0.011
0.040 £ 0.003 0.210 £0.012 0.077 £0.068 | 0.117 £ 0.003 0.127 £ 0.035 0.135 + 0.034
0.105 £ 0.096 0.199 £0.036 0.066 = 0.068 | 0.138 £0.025 0.122+0.016 0.130 £+ 0.043
3.39£0.30 | 0.086 £ 0.072 0.175+0.033 0.048 £0.029 | 0.131 £0.012 0.119 +£0.014 0.124 +0.019

0.148 £0.033 0.117 £0.023 0.122 £ 0.008

Avg ‘ 6.36 £2.70 4.05+2.38

3.40 £ 0.50 ‘ 0.075 £ 0.060 0.187 £0.030 0.055 £ 0.042 ‘ 0.133 £0.021 0.123 £0.021

0.126 + 0.024

qualitative difference: with primal-dual handling the robot
navigates around the obstacle and reaches the goal by
T=5s, whereas without it the robot collides at T=1s. We
compare SLQ-MPC only, CAS-MPC only, and the hybrid
approach, with the mode switch (orange dot in Figure 5)
triggered at 74, = 10.

Figure 5 shows the complementary advantages of the hy-
brid approach: SLQ-MPC (red) exhibits initial instability
with residuals exceeding 100, indicating local linearization
struggles when initialized far from the optimum; CAS-
MPC (blue) converges stably but oscillates around 1 due to
its intrinsic stochasticity; the hybrid method (green) lever-
ages CAS-MPC'’s exploration to navigate the non-convex
landscape, then switches to SLQ-MPC for millimeter-level
refinement, yielding faster convergence without sacrific-
ing accuracy. Table 1 summarizes performance across five
SE(3) tasks: the hybrid method attains the fastest average
convergence (3.40s vs. 6.36s for SLQ and 4.05s for CAS-
MPC) with the lowest variance, and the lowest average
position error (0.055m) while maintaining competitive ro-
tation accuracy.

4.4 Hardware Results

For hardware experiments, we test all three methods in
a fixed-base configuration due to lack of torque control
API capability for the robot wheels, and safety concerns.
Results shown in Figure 6 exhibit similar trends to the

simulation. Since the target is closer to the robot than
in the simulation scenario, SLQ-MPC does not exhibit
the same initial deviation as seen in previous simulation
results, but still converges slower than its sampling-based
and hybrid counterparts. Once near the optimum, CAS-
MPC fails to achieve stable convergence due to its inherent
stochasticity, whereas SLQ-MPC and the hybrid method
remain stable at the optimum.

5. CONCLUSION AND FUTURE WORK

This work introduced constrained annealing-based sam-
pling MPC with primal-dual weight reshaping, enabling
safe collision avoidance while maintaining sample avail-
ability during exploration. The hybrid refinement strat-
egy successfully demonstrated seamless transitions from
fast sampling-based exploration to precise gradient-based
control, achieving faster convergence than pure SLQ-MPC
while attaining millimeter-level accuracy. Experiments on
the Unitree Go2 quadruped validated safe navigation
around obstacles, while the Fetch manipulator confirmed
the framework’s ability to achieve precision required for
SE(3) reaching tasks. Future directions include integrating
control barrier functions to provide formal safety guar-
antees and exploring adaptive constraint tube tightening
strategies for dynamic environments.
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