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Abstract— Sampling-based model predictive control (MPC)
is experiencing a resurgence in robotics following both recent
hardware successes and advancements in parallelized physics
simulation. However, to build on this progress, the robotics
community needs to develop shared tools for prototyping,
benchmarking, and deploying sampling-based controllers. We
introduce judo, a software package designed to address this
need. To facilitate rapid prototyping and evaluation, judo pro-
vides robust implementations of common sampling-based MPC
algorithms and a comprehensive suite of benchmark tasks.
It emphasizes usability with simple but extensible interfaces
for controller and task definitions, asynchronous execution for
straightforward simulation-to-hardware transfer, and a highly
customizable interactive GUI for tuning controllers interac-
tively. While the high-level library is written in Python, judo
leverages MuJoCo as its physics backend to achieve real-time
performance. We present example benchmarking results using
judo to compare standard sampling-based controllers across
its tasks. We also provide real-world case studies in deploying
judo on hardware for two contact-rich tasks: in-hand cube
rotation and quadrupedal loco-manipulation. Code available at
https://anonymous.4open.science/r/judo_anonymous,

I. INTRODUCTION

Recent advances in parallel model-based simulation tools
have shown the effectiveness of sampling-based algorithms
like predictive sampling [1], the cross-entropy method
(CEM) [2], model predictive path integral control (MPPI)
[3], and more for generating rich, dynamic plans for a
wide variety of tasks in real time with limited resources.
Subsequent work has leveraged these controllers for real-
world tasks like quadrupedal and bipedal locomotion [4], [5],
[6] and dexterous, in-hand object reorientation [7]. However,
existing approaches each rely on specialized software stacks
to implement and deploy controllers, reducing the frictionless
reproducibility [8] needed for the rapid development and
evaluation of new methods.

To address this, we present judo, an open-source library
for developing, tuning, and deploying sampling-based MPC
algorithms. judo gives users simple, high-performance tools
for rapidly prototyping tasks and controllers, and for easily
deploying controllers from simulation to hardware. The
design of judo is motivated by three core goals:

1. Maximize Research Velocity. Echoing MuJoCo MPC
(MIJPC) [1], judo’s main goal is to accelerate research in
sampling-based MPC. To achieve this, judo is implemented
in Python, offering an effective balance of rapid prototyping
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Fig. 1: The judo interface. The GUI is interactive, allowing users to tune
parameters in real time. Dropdown menus allow switching between different
tasks and controllers with ease.

and performance suitable for fast development. Its simple
yet extensible interfaces are designed to facilitate extension
of (and contribution to) the codebase. An integrated GUI
provides real-time visualization and interactive parameter
tuning, significantly shortening the development loop.

2. Provide Accurate and Fast Simulation. While user-
friendliness is a priority, high-performance simulation is
also crucial for effective controller design and real-time
applications. judo utilizes MuJoCo as its primary modeling
backend, enabling simulation of complex scenes, geometries,
and dynamics, and leverages MuJoCo’s highly-optimized,
multithreaded forward dynamics for online search. Crucially,
judo is designed with a modular simulation backend in-
terface to allow researchers to integrate alternative physics
engines and custom dynamics models as needed.

3. Streamline Sim-to-Real Transfer. judo is engineered
to minimize sim-to-real gaps and simplify the transition to
hardware. The core application architecture separates control
logic from physics simulation, running them in asynchronous
threads. This design allows for straightforward hardware
deployment: researchers can develop a specific hardware
interface and substitute it for the simulation component with
minimal changes to their controller code. This maximizes
code reuse and provides an accurate preview of the control
stack’s performance prior to deployment on hardware.

Thus, this work has three contributions: (1) the open-
source software package judo, (2) a comprehensive suite of
benchmark tasks (mostly contact-rich) along with implemen-
tations of four sampling algorithms, and (3) demonstrations
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of judo’s deployment on two distinct hardware platforms.

II. RELATED WORK

A. Control for Contact-Rich Tasks

Many important robotics tasks are contact-rich, exhibiting
discontinuous, hybrid, or numerically stiff dynamics. These
characteristics complicate modeling and control: methods de-
signed for smooth systems, like gradient-based trajectory op-
timization, often require careful relaxations or extensions to
be effective, motivating sampling-based approaches (among
others) that can more naturally handle non-smooth dynamics.

Contact dynamics are often modeled using linear comple-
mentarity problems (LCPs), which are nonconvex and non-
smooth. To use LCPs with gradient-based methods, prior
work has modeled contact as a feasibility complementarity
program, approximating their gradients using the implicit
function theorem on intermediate solutions [9], [10]. Others
have instead approximated the full LCP contact dynamics
with a linear complementarity system solvable with ADMM
to discover local contact sequences online [11], [12].

Other works [13], [14] model contact quasi-dynamically,
eliminating the need to model velocities and computing a
convex relaxation of the dynamics, allowing gradient-based
planning via sensitivity analysis. Besides simplifying the
dynamics, this approach allows “force at a distance” via a log
barrier relaxation, which other works have done for contact
mode discovery in manipulation and locomotion [15], [16].

Ultimately, the prior approaches hinge on how the problem
is relaxed to permit gradient-based MPC to solve the task:
by smoothing the dynamics, softening the contact constraints,
or gradient approximation. Much existing work in contact-
implicit MPC was driven by open-source differentiable sim-
ulators/solvers [17], [18], [19], [20], [21] that each make
strong assumptions about the structure of the dynamics and
MPC problem in tandem with these relaxations, exploiting
problem structure for computational tractability.

This canonical tradeoff between problem exactness and
algorithmic compatibility motivates the use of sampling-
based MPC in contact-rich tasks. First, in principle, any
simulator can be used for zero-order optimization with
no/little relaxation, yielding more realistic solutions. Second,
it is often significantly cheaper to perform only forward sim-
ulation rather than also computing or estimating gradients,
which permits more real-time solutions. Third, sampling-
based methods offer much greater flexibility in terms of
search space and reward functions, allowing searches over
discrete variables as well as non-differentiable or discontin-
uous reward functions. Lastly, little to no problem structure
must be exploited to garner these benefits, which allows
very fast prototyping and deployment for contact-rich tasks,
often with higher performance than gradient-based methods.
In particular, recent works have shown that sampling-based
MPC can match reinforcement learning in tasks like cube
rotation [7] and can achieve agile locomotion [4], [5], [6] on
hardware.

[ Library [[ Lang [GUI[ Sim  [Multi-Planner[Async]
MPPI-Generic [28]|| C++ | X Manual X X
mppi-isaac [29] ||Python| v |Isaac Gym X X
pytorch_mppi [30] || Python| X Manual X X
DIAL-MPC [5] ||Python| X MIX X v
MIJPC [1] C++ | v | MuJoCo v v
hydrax [27] Python| X MIX v v
Judo (ours) Python| v | MuJoCo+ v v

TABLE I: Comparison of sampling-based MPC libraries

B. Sampling-Based MPC in Robotics

A major milestone for modern sampling-based MPC was
the development of MPPI [3] for autonomous drifting using
an onboard GPU. With the advent of modern deep learning,
sampling-based MPC has also become standard for online
planning in model-based reinforcement learning [22], [23],
[24] when using data-driven dynamics. However, as dis-
cussed previously, the emergence of fast, parallel physics
simulation has renewed interest in applying sampling-based
MPC directly to full-order analytic models [4], [5], [6], [7].

Standard, open-source tooling has accelerated progress in
reinforcement learning [25], [26], and a similar need exists
for sampling-based MPC. Several libraries already target this
domain (Table [I), but most are narrow in scope: they may
support only one planning algorithm (e.g., MPPI), provide
minimal interfaces that require users to implement dynamics
manually, or include only a restricted set of benchmark tasks.
In short, most libraries for sampling-based MPC provide spe-
cialized implementations for particular applications, rather
than general-purpose tooling for broader research.

However, two recent libraries stand out as general
frameworks for research and prototyping. MJPC [1] first
demonstrated the effectiveness of combining MuJoCo with
sampling-based MPC and introduced GUI-based interactive
tuning. Despite simulating full-order physics, MJPC achieves
high performance through its native C++ implementation, but
at a cost: it is structured as a standalone application, making
integration with other libraries, particularly Python research
codebases, difficult. hydrax [27] extends this template by
adopting GPU-accelerated MJX as its backend. Thus, it can
perform more parallel rollouts at once, but it also runs slower
than realtime on contact-rich tasks. In comparison, judo
is installable via standard Python tooling and integrates
seamlessly with Python research workflows while retaining
the speed of MuJoCo’s multithreaded CPU rollouts.

III. THE gupo PACKAGE

This section details judo’s design decisions. Code avail-
able at https://anonymous.4open.science/r/judo_anonymous.
The open-source version will be released upon acceptance.

A. The Controller Interface

We assume sampling-based MPC controllers to have the
structure shown in Alg. [T} The nominal control signal that
is executed on the system is parameterized by the knots 6 of
some control spline, which we interpolate at time ¢.

At the core of the judo API are tasks and optimizers,
which are sub-components of the above controller. The task
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1| # Example Task

2| @dataclass

3| class CartpoleConfig (TaskConfig) :
4 w_vert: float = 10.0

5 w_ctr: float = 10.0

6 w_vel: float = 0.1

7 w_ctrl: float = 0.1

8
9

class Cartpole (Task[CartpoleConfig]) :

10 def _ init__ (self, model_path=XML_PATH) :

1 super () .__init__ (model_path, sim_model_path=XML_PATH)

12 self.reset ()

13

14 def reward(self, states, sensors, controls, config, system_metadata=None) :
15 X, y, vel = states[..., 0], states[..., 1], states[..., 2:]

16 vertical_rew = -config.w_vert * smooth_1l1 norm(np.cos(y) - 1, 0.01).sum(-1)
17 centered_rew = -config.w_ctr * smooth_1l1 norm(x, 0.1).sum(-1)

18 velocity_rew = -config.w_vel x quadratic_norm(vel).sum(-1)

19 control_rew = -config.w_ctrl * quadratic_norm(controls).sum(-1)

20 return vertical_rew + centered_rew + velocity_rew + control_rew

21

2 def reset (self) -> None:

23 self.data.gpos = np.array([1.0, np.pi]) + np.random.randn (2)

24 self.data.qvel = le-1 * np.random.randn (2)

25 mujoco.mj_forward(self.model, self.data)

27| # Example Optimizer

28| @dataclass

9| class PredictiveSamplingConfig (OptimizerConfig) :
30 sigma: float = 0.05

32| class PredictiveSampling (Optimizer [PredictiveSamplingConfig]) :

33 def _ init_ (self, config: PredictiveSamplingConfig, nu: int) -> None:
34 super () .__init__ (config, nu)

35

36 def sample control_knots(self, nominal_knots) :

37 nn = self.num_nodes

38 nr = self.num_rollouts

39 sigma = self.config.sigma

40 noised_knots = nominal_knots + sigma * np.random.randn(nr - 1, nn, self.nu)
41 return np.concatenate ([nominal_knots, noised_knots]

42

43 def update_nominal knots(self, sampled_knots, rewards):

44 i_best = rewards.argmax ()

45 return sampled_knots[i_best]

Listing 1: Minimal example implementing a cartpole Task along with a predictive sampling Opt imizer in judo. The simple base API allows
rapid development and iteration while exposing a rich set of additional features for advanced users.

specifies the reward and system dynamics, allowing us to
evaluate rollouts. The optimizer specifies the procedure for
(i) sampling new control knots and (ii) updating the nominal
policy given the samples and their corresponding rewards.
An example task and optimizer are shown in Listing [I]

In addition to the high-level API, we provide users
with several starter tasks and implementations of canonical
sampling-based control algorithms, including predictive sam-
pling, CEM, and MPPIL. Finally, we provide an extensible
abstract interface for allowing alternative rollout backends.

B. The GUI

The judo GUI is built on viser [31], a customizable
browser-based visualizer. In judo, the fields of registered
task or optimizer config objects are automatically parsed
into the appropriate GUI elements. For example, consider
the dummy optimizer config in Fig. 3] Integer and float
fields are parsed as sliders, booleans as checkboxes, literals
as dropdown menus, and numpy arrays as folders with
subsliders. judo also implements a flexible decorator-based
interface for finer control of the range and step size of sliders.

To visualize optimization iterates, judo allows the user
to specify particular locations as “traces” in the model XML

Algorithm 1: Sampling-based MPC [7]

Input: 6, N, planner-specific parameters.
while planning do

xo + Z(t) 3 // estimate curr state
fori=1to N ; // multi-threaded
do

UD ~mp(U) ; // sample controls
JO J(U(i);xo) ;. // eval rollout
0 < update_params (U(LN), J(LN));
| u(t) < get_action(f,?) ; // asynchronous

descriptions. At runtime, the highest-performing traces are
shown in the visualizer over the rollout horizon, giving a fast,
qualitative understanding of the optimizer’s internal state.
We emphasize that in everyday use, we find the GUI to be
one of the most crucial elements of judo. It allows the user
to perform live tuning of parameters, compare algorithms
against each other, and examine an optimizer’s performance
across multiple tasks. Among open-source sampling-based
MPC libraries, judo is the only one that provides a general-



Fig. 2: The tasks in the judo suite. Every task except the cartpole is contact-rich, and there is a wide range of task difficulty, model complexity/morphology,

and application area. For task descriptions, see Table El

1 @slider ("num2", 0.0, 10.0, 0.1)

2| @dataclass

3] class DummyOptimizerConfig (OptimizerConfigqg) :
4 numl: int = 42 # default slider

5 num2: float = 3.14 # custom slider

6 num3: float = 2.71 # default slider

7 checkbox: bool = True

8 options: Literal["optl", "opt2"]
9 arr: np.ndarray = np_1ld_field(
10 np.array([1.0, 2.0]),

11 names=["fieldl", "field2"],
12 mins=[0.0, 1.0],

13 maxs=[10.0, 20.0],

14 steps=[0.1, 0.2],

= "optl"
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Fig. 3: A config and the corresponding automatically-generated GUI ele-
ments. Note the s1ider decorator, which allows fine-grained control over
slider limits and step size.

purpose, research-friendly GUI for user interaction and tun-
ing; MJPC includes a GUI, but extending it requires custom
C++ development for each task.

C. Asynchronous Operation

The judo stack is modular, consisting of a “system” node
(e.g., the simulator or the nodes required to run a hardware
stack), a visualizer node, and a controller node. These nodes
asynchronously communicate with each other, where the
interprocess communication (IPC) is handled by dora [32],
a “middleware” built on Rust with a Python interface.

We find that dora is substantially easier to install, set
up, and use than other frameworks like ROS2, and the entire
communication graph is natively specified in a standardized
YAML format. Moreover, dora allows zero-copy reads of
array data between nodes on the same device, which includes
any array built on the dlpack specification as well as
pytorch arrays on both CPU and GPU. If the simulation
node is swapped for hardware nodes, then the same visualizer
and controller nodes can be used, which facilitates low-
friction transfer between simulation and hardware.

However, in the spirit of modularity, the core judo API is
completely agnostic to user’s choice of middleware. That is,
one can swap dora for any other IPC library, and still easily
use the same core functions of judo. To emphasize this
point, the hardware demonstrations of judo in Sec. |I_V| are
developed using ROS2 and native CycloneDDS respectively.

D. Task Suite

We provide 10 starter taskﬂ in judo as examples which
can be built upon by end-users or extended to custom tasks
(see Fig. 2). The main focus is contact-rich tasks, allowing
us to highlight some desirable qualities of sampling-based
MPC algorithms. The task suite features a wide range of
difficulty, from simple tasks like Cartpole or Walker, to
more challenging tasks with a variety of robot morphologies,
like pick and place, loco-manipulation, or upside-down cube
rotation. We emphasize that the user is far from limited
by the tasks that are provided, whose models, rewards,
parameters, etc. can be easily modified. When possible, the
task models/parameters are taken from standard sources, such
as MuJoCo Menagerie [33].

E. Performance Benchmarks

In addition to judo’s large task suite, we also provide
the ability to benchmark the performance of all available
algorithms for every task. For cross-platform fairness, the

'The two Spot loco-manipulation tasks will be released upon acceptance,
due to proprietary weights in the hybrid RL/sampling controller.



[ Task [ Alg [[Avg Reward [ Avg Episode Len (s) [ Successes [ Failures [ Metrics | Notes |
PS -12.38 4.54 10/10 N/A N/A
Cartpole CEM -13.54 4.09 10/10 N/A N/A Success upon upright and low velocity.
MPPI -12.79 4.36 10/10 N/A N/A
CMAES -13.14 4.44 10/10 N/A N/A
PS -0.17 17.02 8/10 N/A N/A B o fe - .
Cylinder Push CEM 015 1755 10/10 N/A N/A Success upon pu;l;l;llghtldzgoest. cylinder close to
MPPI -0.23 12.15 10/10 N/A N/A
CMAES -0.24 13.27 10/10 N/A N/A
PS -1.03 23.06 5/10 N/A N/A . . ]
FR3 Pick CEM 1.03 16.87 910 | N/A N/A Success ”;’;’;iﬁlg“ct;l‘lgafi cube and
MPPI -1.10 21.48 7/10 N/A N/A :
CMAES -0.96 26.29 3/10 N/A N/A
PS 245 30.00 N/A 0/10 total_rots: 55 Failure if cube becomes unreachable, tries to
G1 Manipulation CEM 234 30.00 N/A 0/10 total_rots: 67 maximize number of cube rotations in 30s.
MPPI -3.15 30.00 N/A 0/10 total _rots: 47
CMAES -2.52 30.00 N/A 0/10 total_rots: 26
PS -9.90 30.00 N/A N/A [ pct_stand: 0.76 | Dropped from 2m, tries to stay standing over
GI Stand CEM -1.27 30.00 N/A N/A | pct_stand: 1.00 30s. If falls, tries to get up. pct_stand is
MPPI -5.64 30.00 N/A N/A | pet_stand: 0.88 the ratio of time the robot is standing.
CMAES -5.85 30.00 N/A N/A | pct_stand: 0.88
PS -0.16 60.00 N/A 0/10 total_rots: 96 Failure if cube drops, tries to
LEAP Cube CEM -0.14 3567 N/A 2/10 total.rots: 93 maximize number of cube rotations in 60s
MPPI -0.15 50.92 N/A 2/10 total_rots: 81 ’
CMAES -0.15 55.63 N/A 2/10 total_rots: 30
PS -0.14 19.74 N/A 10/10 tot_rots: 15
CEM -0.12 45.29 N/A 5/10 total_rots: 34 Same as Leap Cube but facing down.
LEAP Cube Down |y 1ppy 0.14 30.26 N/A | 9/10 | totalrots: 18 b y
CMAES -0.12 35.06 N/A 8/10 total_rots: 19
PS -0.21 10.00 N/A N/A | avg.vel: 0.79
Walker CEM -0.24 10.00 N/A N/A avg_vel: 0.77 | Classic MuJoCo walker. Episode lasts 10s.
MPPI -0.50 10.00 N/A N/A | avg.vel: 0.75
CMAES -0.23 10.00 N/A N/A | avg.vel: 0.77
PS 54814 9.65 9/10 N/A N/A Spot manipulates a chair into an
Spot Uprighting | CEM || 15:5829 2.32 107101 N/A N/A wpright orientation within 305
POt Upnghting | Mppr 17.6788 3.40 1010 | N/A N/A prig :
CMAES 14.7396 2.09 10/10 N/A N/A
PS -509.05 16.82 10/10 N/A N/A Spot pushes a chair to the
Spot Ramp CEM ~15.39 13.05 10710 N/A N/A tog ofpa ramp within 120s
MPPI -484.66 14.56 10/10 N/A N/A :
CMAES -463.55 15.11 10/10 N/A N/A

TABLE II: Performance benchmarks in simulation on the judo task suite for all algorithms using task-specific defaults for 10 episodes per task.

benchmarks are conducted synchronously and determinis-
tically via random seeding and all algorithms receive the
same initial conditions per episode. See Table |lI| for bench-
mark results using reasonable task-specific controller and
optimizer settings for all tasks in the suite. In particular, we
chose default values such that each task could run reasonably
well with only 8 or 16 threads, runnable on most consumer-
grade hardware. Each task’s results should be independently
interpreted, and could consist of success/failure conditions
and auxiliary measures of performance besides reward. For
each task, judo exposes the ability to track custom metrics
and specify success and failure conditions so it is simple for
users to update the benchmarks with new tasks.

F. Algorithmic Features

Besides the basic sampling-based MPC optimizers, judo
has also implemented a few additional algorithmic features.

Action Space Normalization. In some systems, the scale
of each dimension of the control input may be very different.
In such cases, an isotropic sampling distribution may yield
poor convergence (e.g., for algorithms like MPPI).

To remedy this, judo provides two opt-in modes for
action-space normalization. First, the min-max normalizer as-
sumes that each control input is bounded and normalizes the

sampling scale to the interval [—1, 1] along each dimension.
That is, for dimension ¢:
- U; — ul»b
i = = ()

— b
U — Uy

where u; € [ul®, u®], and @; is the new normalized control
input over which we sample.

Second, the running Gaussian normalizer keeps running
statistics of the values along each dimension and normalizes
the sampling space along each dimension by the mean and
standard deviation. Mathematically, we have
U; — My

U; = ’
Sj

2)
where (m;, s;) are the running mean and standard deviation
of dimension ;.

Noise Ramping. Another challenge in sampling-based
optimization is managing the tradeoff between converging
to a local solution (requires low noise) and exploring to
find a globally-optimal solution (requires high noise). One
solution in an MPC-style framework where optimization
iterates far in the future are not executed immediately is to
imbue the decision variables with a higher noise level the
farther they are in the future, which we call “noise ramping”



(and resembles the “action-level annealing” of [5]). We find
that even a simple linear ramping schedule greatly improves
performance across all optimizers. That is:

uz[k] ~ N(Ui [k‘], k - “Yramp * Uz[kbv 3)

where k represents the spline index along time and “yramp iS
the linear noise ramping factor.

Adjustable Optimizer Iterations. The quality of the
MPC solution at a particular time step has variance governed
by the number of available samples. Often, an optimizer can
perform multiple sampling iterations at each step while still
operating at a real-time rate, depending on the complexity
of the model. We expose the option to adjust the number of
iterations in the GUI, and find this improves the performance
of highly unstable tasks, e.g., for legged systems.

G. Computational Speed

In the sampling-based MPC loop, the computational bot-
tleneck is the nominal control knot update (and in particular,
the multi-threaded rollouts of a model over a prediction
horizon). To evaluate whether judo is viable for real-time
control, we provide speed benchmarks comparing hydrax,
MIPC, and judo on two tasks that are shared between
the frameworks: the Walker task and the LEAP Cube task.
The Walker task is a standard MuJoCo task with simple
geometries that we use to sanity check speed. The LEAP
Cube task is significantly more complex, involving a LEAP
hand [34] rotating a cube in its hand. Because this task is
extremely contact-rich, we use it to stress test rollout speed
under challenging numerical conditions (see Sec. [[V-A).

For each library, we used the same model descriptions and
settings for the predictive sampling optimizer. We compare to
hydrax on both CPU and GPU, using the recently-released
warp backend for maximum speed; MJPC was timed in pure
C++. Before timing, all tasks were warmed up for 1000 steps
such that timings were done on “typical” states. All timings
were run on an AMD EPYC 9354 32-Core Processor.

[ Task [[ Hydrax (CPU) [ Hydrax (GPU) | MIPC [ Judo (ours) |
Walker 0.1326 0.2190 0.0026 0.0028
LEAP Cube || compile failed 0.6187 0.0324 0.0287

TABLE III: Avg. control update timing (s) over 1000 steps. The LEAP cube
task failed to compile in under 1 hour for hydrax on CPU.

As expected, hydrax is many times slower on both tasks
than MJPC and judo with full model fidelity on both CPU
and GPU. Conversely, we find that judo has no performance
degradation (and even outperforms MJPC on the Leap Cube
task, which we attribute to inefficient noise sampling routines
in MJPC). While the judo interface is written in Python,
judo directly calls a multi-threaded rollout provided by
MuJoCo, which is written natively in C and C++. Because
rollout speed is by far the biggest bottleneck in sampling-
based MPC, this eliminates the speed gap between using
judo and C++ tooling like MJPC, even when the rest of
the stack is written in pure Python.

Fig. 4: Cube rotation setup: a multi-fingered hand rigidly mounted to a
frame rotates a colored cube, whose pose is estimated with a vision-based
keypoint tracker [7]. The goal is to manipulate the cube to as many target
orientations as possible in sequence without dropping.

IV. CASE STUDIES IN RESEARCH PROTOTYPING

To illustrate how judo supports the research development
loop, we present two case studies on contact-rich hard-
ware tasks. These examples are not intended as algorithmic
benchmarks, but rather as demonstrations of how the tooling
enables rapid iteration, integration, and deployment. First,
we apply judo to the in-hand cube rotation task widely
studied in dexterous manipulation [35], [36], [7]. Second,
we use judo for quadrupedal loco-manipulation tasks in
which a Spot robot employs both its body and mounted arm
to manipulate objects in its environment.

A. Case Study 1: In-Hand Cube Rotation

Problem. We first consider the in-hand cube rotation
task studied in DROP [7], where a dexterous hand rigidly
mounted to a fixed frame must rotate a cube to successive
target orientations without dropping (Fig. B). The cube’s
pose is estimated using a vision-based keypoint tracker. The
MPC algorithms were run on a workstation equipped with a
Threadripper Pro 5995WX.

DROP optimized a reward consisting of two terms: a
positional penalty encouraging the cube to remain within
the hand’s workspace, and a rotational penalty defined with
respect to a static target orientation. While the authors
demonstrated this reward was effective when using a large
number of planning threads (120 on a server-grade CPU),
they reported that performance degraded sharply at lower
thread counts (e.g., 64). This strongly limits the practical
applicability of the method for hardware setups without
workstation-grade CPUs.

Development loop. To explore whether a more resource-
efficient formulation could be found, we used judo to
prototype a tracking-based reward. Instead of computing ori-
entation error relative to a static target, we generated a short
time-varying reference trajectory from the cube’s current
orientation to the goal via spherical linear interpolation at a
desired angular velocity. The planner’s reward then penalized
deviation from this moving target, effectively transforming a



Fig. 5: A Spot robot uses its whole arm to upright a fallen chair (top).
Spot pushes a chair up a ramp while making contact with multiple parts of
its body (bottom). A low-level policy controls the locomotion, while judo
samples high-level base velocity and arm commands for manipulation.

Method Mean | Median
DROP Reward — 120 threads [7] 33.6 30.5
DROP Reward — 16 threads 0.0 0.0
Tracking Reward — 16 threads (ours) 21.2 20.0

TABLE IV: Performance on consecutive cube rotations.

long-horizon search into a sequence of local tracking prob-
lems. Designing and tuning this reward (including adjusting
reward weights, optimizer noise variance, and the planning
horizon) took roughly one day from ideation to deployment.

Results. We directly compared the static-goal reward
from DROP with the tracking-based reward at 16 planning
threads, a setting in which the baseline failed entirely. Over
ten trials, the static-goal reward did not achieve a single
successful rotation, while the tracking-based reward achieved
an average of 21.2 consecutive rotations (median 20.0). For
context, DROP with 120 threads achieved an average of
33.6 rotations. This indicates that modest reward shaping can
substantially improve performance in low-resource regimes.

Role of the framework. This result was enabled by the
rapid prototyping features of our system. Several aspects of
the framework were critical:

o Thread scalability experiments. The number of planning
threads is directly exposed in the GUI, allowing perfor-
mance to be profiled across different thread counts without
restarting the system.

e Reward prototyping. Reward functions could be swapped
interactively in the GUI, enabling immediate comparison
of static vs. tracking objectives.

o System integration. The task was integrated into an existing
hardware stack via lightweight IPC wrappers. While judo
ships with a default IPC backend, it can be used with other
middleware (e.g., ROS2) with minimal changes, showcas-
ing its flexibility to diverse research infrastructures.

Overall, this case study illustrates how judo enables
researchers to quickly prototype and evaluate new reward
designs for challenging contact-rich tasks, even in resource-
constrained settings.

B. Case Study 2: Spot Loco-Manipulation

Problem. Our second hardware case study emphasizes
how users can use judo to design and prototype entirely
new tasksﬂ This study considers two variations of a loco-
manipulation task: using a Spot robot with a mounted arm
to (i) uprighting a fallen chair (Fig. [5] top) and (ii) push a
heavy chair on casters up a ramp (Fig. [5]bottom). The task re-
quires whole-body contact to generate sufficient force against
gravity and is representative of loco-manipulation problems
with many contact modes. Experiments were conducted on
a workstation equipped with a Threadripper Pro 5955WX.

Development loop. In judo, we combined a low-level
RL locomotion policy (trained to track base velocities and
arm joint angles) with a high-level sampling-based planner,
illustrating that judo can be combined with other conven-
tional methods in robotics. A multi-term reward incentivizes
the robot to stay upright, remain close to the chair, and
encourages the chair to reach an upright orientation. For
the ramp task, this final term instead encourages moving the
chair up the ramp toward the goal. Hyperparameters were
first selected in simulation and directly deployed on hardware
by toggling a single entrypoint flag. judo’s interactive GUI
enabled real-time parameter tuning directly on the robot,
making it possible to identify controller parameters robust
to the unmodeled compliance of the chair.

[ Task [[ Avg Episode Len | Successes | Time Limit |
Spot Uprighting 14.1s 7/10 30s
Spot Ramp 93.9s 5/10 120s

TABLE V: Performance of Spot loco-manipulation tasks on hardware.

Results. Using CEM for sampling with 17 threads and a
rollout horizon of 3 seconds, Spot successfully pushed the 16
kg chair up the ramp in 5/10 trials and uprighted it in 7/10
trials within time limits (see Table [V). Failures were mostly
due to unmodeled compliance in the chair, highlighting
sampling-based MPC’s current limitations for addressing
the sim-to-real gap on contact-rich tasks. Nonetheless, in
all trials, Spot reliably employed its arms, legs, and body
together to manipulate the chair, showcasing judo’s ability
to generate highly contact-rich whole-body motions. We
emphasize that due to the size and mass of the chair, whole-
body solutions leveraging contact over many parts of Spot
are necessary for task completion, motivating the choice of
tools like RL or sampling-based MPC.

Role of the framework. This case study illustrates how
judo supports research and prototyping with layered control
architectures (RL locomotion + MPC planning). It enabled
online parameter tuning during hardware trials (crucial for
addressing modeling issues with the soft chair), and provides
a sampling-based framework capable of handling the dis-
continuous contact dynamics inherent in loco-manipulation.
Moreover, judo’s modular API allowed a seamless transfer
between the simulation-only prototyping phase and hardware

2The two Spot tasks were developed on an older version of judo with
the same core API but fewer features than described in this paper.



deployment phase, facilitating rapid exploration, tuning, and
hypothesis testing.

V. CONCLUSION

We hope that judo can support rapid research on
sampling-based MPC algorithms in the wider robotics com-
munity by providing a hackable, extensible, and expressive
framework for algorithm development and study of complex
tasks with a feature-rich API. Upcoming features include
integration with learned controllers, examples of hardware
usage, more tasks and optimizers in the core library, and a
GPU-based rollout backend.

Limitations. While we are optimistic about judo and
sampling-based MPC, several limitations remain. First, be-
cause judo currently relies on CPU-based simulation, it
can only run hundreds of rollouts in parallel, far fewer than
the thousands common in large-scale applications [3]. We
expect learning-based techniques (e.g., generative proposals,
value function-guided horizon reduction, and learned dynam-
ics [37]) will be key to making online search tractable with-
out workstation-grade compute. Second, like most model-
based methods, performance depends on accurate models and
geometries. Though MuJoCo offers fast rigid-body simula-
tion, we find performance degrades without careful model-
ing, underscoring the persistent sim-to-real gap. Finally, as in
our first case study, closed-loop results are sensitive to reward
specification. These challenges are not unique to sampling-
based MPC: RL suffers from the same dependence on simu-
lation fidelity, reward design, and transferability. Indeed, the
two paradigms are closely related, as both rely on trajectory
rollouts, value estimation, and reward functions. We hope
judo can serve as a common platform for exchanging ideas
and “best practices” across these communities.
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