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Abstract—We develop a real-time, contact-implicit model-based
planning and control framework for highly dynamic, contact-rich
manipulation tasks, such as object reorientation through flipping
and non-prehensile sliding. At its core, our framework extends
a recently proposed complementarity-free contact model to full
dynamic settings, and integrate it into real-time contact-implicit
model predictive control (MPC) for dynamic contact reasoning,
followed by local velocity impedance control for robotic actuation.
Enabled by our dynamic complementarity-free contact modeling,
the contact-implicit MPC real-time optimizes the manipulation
goal and generate emergent contact behavior (flipping, sliding)
in highly dynamic scenarios without any motion hints such as
reference trajectories or motion primitives. We validate our
framework in both simulation and real-world experiments for
on-palm dynamic reorientation tasks, including flipping and
sliding, with various object shapes. Our framework achieves high
success rates across different reorientation targets and objects,
demonstrates emergent contact reasoning, and exhibits strong
performance and robustness against external disturbances. Our
complementarity-free contact-implicit MPC runs at 50-100Hz.
The real-world demo is shown in video link.

I. INTRODUCTION

Contact-rich manipulation, such as in-hand reorientation [1]–
[3], tool use [4], and dexterous grasping [5]–[7], remains a
challenge in robot autonomy. Classical model-based approaches
[8]–[10], which rely on complementarity-based contact models,
often face significant computational challenges in fast trajectory
optimization or model predictive control (MPC), due to the
discontinuous and hybrid nature of contact dynamics. Thus,
most methods are limited to static or quasi-static tasks [8], [10],
or scenarios where contact interactions are sparse and enumer-
able [9]. Recent progress in fast solvers for complementarity-
constrained optimization [11] has pushed the boundaries of
model-based methods toward more dynamic, non-prehensile
tasks [12]. Nevertheless, these approaches remain constrained
to simplified settings, such as planar (2D) manipulation or
tasks involving slow object motions.

In this work, we aim to advance dynamic contact-rich ma-
nipulation by building on a recently proposed complementarity-
free multi-contact modeling [13]. This model removes the
need for complementarity constraints in contact dynamics
through a simple, closed-form formulation, enabling real-time
optimization while still capturing Coulomb friction and discrete
contact modes. While the original formulation [13] was limited
to quasi-dynamic settings, we extend it to full dynamic regimes
to model highly dynamic contact interactions, such as on-palm
object flipping and 3D sliding. We refer to this extension as the
dynamic complementarity-free contact model. We incorporate
this model into a MPC framework for contact dynamic contact
reasoning, and then followed by a local velocity-impedance
control for robot actuation. Our framework enables real-time

Fig. 1: On-palm dynamic reorientation via emergent flipping and
sliding. Left: evaluation in MuJoCo environment. Right: evaluation
in real-world hardware.

contact-implicit planning and control for challenging dynamic
manipulation tasks like on-palm object reorientation via flipping
and sliding without any motion hints.

We evaluate our framework in simulation and on hardware
across a range of on-palm dynamic reorientation tasks involving
diverse objects (Fig. 1). The results demonstrate that our
approach achieves high success rates across various reorienta-
tion targets and object geometries, exhibits emergent contact
reasoning, and maintains strong performance and robustness.
To our knowledge, this is the first model-based, contact-implicit
method to successfully perform such dynamic 3D flipping and
sliding reorientation of objects in real time.

A. Related Works

a) Contact Modeling: Contact physics is traditionally
modeled as nonlinear complementarity problems (NCPs), as
contact forces and inter-object distances naturally form a
complementarity pair [14], [15]. To efficiently solve NCPs,
some approximation techniques [16], [17] replace the friction
cone with a polyhedral cone, transforming the problem into
linear complementarity problems (LCPs). Alternatively, NCPs
can be reformulated as Cone Complementarity Problems (CCP)
by introducing a constraint that enforces the contact velocity
to lie within the dual friction cone [18], [19]. This formulation
allows contact force-velocity to be resolved via an optimization
[16], [20], offering computational advantages. Other approaches
aim to achieve differentiable contact model by employing log-
barrier functions [21], [22] and carefully designed penalty terms
[23], [24]. These methods solve for a residual equation, and
gradients are computed using the implicit function theorem.

Our work builds on the complementarity-free contact mod-
eling recently developed in [13]. The model computes contact
forces or next velocity using simple and closed-form equations,
eliminating the need for optimization-based dynamics. Thus,
it enables integration into MPC for real-time contact-implicit
planning and control. While simple, the complementarity-free
model is capable of capturing complex contact modes [13].

b) Planning and Control with Contact Models: The
discontinuity of initiating and breaking contacts poses sig-
nificant challenges in contact planning. Classic methods use
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predefined contact profiles to guide the robot, enabling control
and planning in relatively simple settings [25]–[27]. Modern
methods focus on contact-implicit optimization, which often
relies on relaxing the complementarity conditions [8]–[10]
or incorporating mixed-integer formulations into the plan-
ning problem [11], [28], [29]. Alternatively, sampling-based
approaches [30], [31] can be employed, which handle non-
differentiable contact dynamics by iteratively sampling to
search for optimal control sequences.

Our framework leverages the dynamic complementarity-free
contact model within a contact-implicit MPC scheme. The MPC
performs online contact reasoning to optimize manipulation
goal and outputs the optimal robot velocity command, which
is tracked by a lower-level velocity impedance controller
for actuation. Enabled by the dynamic complementarity-free
contact model, our contact-implicit MPC runs at 50–100 Hz,
allowing the system to output emergent contact-rich behavior
for dynamic contact-rich manipulation without any motion aid.

II. METHOD

A. Dynamic Complementarity-Free Contact Model

We model a dynamic manipulation system, including an
actuated robots and unactuated object, as shown in Fig. 1, with
the following discrete-time dynamic model:

Mo(qo)(v
+
o − vo) = hτ o(qo,vo) +

∑nc

i=1
JT

o,i(qo)λi

hKv(v
+
r − u) =

∑nc

i=1
JT

r,i(qr)λi

(1)

Here, Mo is the inertia matrix of the object. q = [qo; qr]
is the generalized current position of the system, where qo

and qr stand for the object pose and robot joints, respectively.
vo,v

+
o are the object’s (linear and angular) velocity at current

and the next time steps, respectively. τ o is the non-contact
force acting on object, including inertia, Coriolis, and gravity
forces. For the robot arm, vr,v

+
r are the robot’s joint velocity

at current and the next time steps, respectively. We considered
the robot is controlled by a lower-level joint velocity impedance
controller, which leads to “damping” response with respect
to the external force (here as the contact forces) as shown
the second equation. u is the command velocity. Kv is the
closed-loop damping parameters. λi is i-th contact impulse,
while Jo,i and Jr,i are the contact Jacobians for the object
and robot, respectively. Notably, we assume the external force
(majorly gravity) applied on the robot is compensated and does
not include it in the dynamic equations.

We distinguish our above dynamic manipulation model from
the previous work [13] in the following aspects. First, the first
equation exactly considers the full Newton–Euler dynamics of
the object, compared to the quasi-dynamic model (ignoring
the inertia force effects) in [13]. This enables us to model
the highly dynamics manipulation tasks, such as flipping and
sliding. Second, the robot is controlled by a joint velocity
impedance controller thus has a close-loop velocity impedance
dynamics. This is different from positional impedance control in
[13]. This enables smoother robot motion in dynamic settings.

By defining velocity v = [vo;vr]
T, we write (1) compactly

h2Qv+ = hb+
∑nc

i=1
JT

iλi, (2)

where the contact Jacobian is defined as J i =
[
JT

o,i J
T
r,i

]T
,

and matrix Q and b are defined below respectively:

Q=

[
Mo(qo)/h

2 0
0 Kv/h

]
, b=

[
τ o(qo,vo)+Mo(qo)vo/h

Kvu

]
.

(3)
The i-th contact impulse λ = λn

i + λd
i includes the normal

λn
i and friction λd

i components. To handle Coulomb friction,
we linearize the friction cone as a polyhedral cone with nd-
faces. Particularly, we define a symmetric set of nd unit vectors
{di,j}nd

j=1 that span the tangential contact plane. Following [13],
the contact impulse λi can be parameterized by a set of nd

non-negative parameters βi = [βi,1, βi,2, ..., βi,nd
]T:

λn
i =

∑nd

j=1
βi,jni, λd

i = µ
∑nd

j=1
βi,jdi,j , (4)

with βi,j ≥ 0 for all j = 1, 2, ..., nd. The above parameteri-
zation of normal and friction components can automatically
satisfy the Coulomb friction law, as shown in [13].

Let Jn
i be the contact Jacobian corresponding to the normal

unit vector ni, and {Jd
i,j}

nd
j=1 to the respective tangential

unit vector {di,j}nd
j=1. With the linearize friction cone and

parameterized contact impulse (4), (2) can be written as

v+ =
1

h2
Q−1(hb+ J̃

T
β) (5)

with the new Jacobian J̃ and the contact parameter vector β
are defined together as:

J̃ :=



Jn
1 − µ1J

d
1,1

. . .
Jn

1 − µ1J
d
1,nd

...
Jn

nc
− µncJ

d
nc,1

. . .
Jn

nc
− µncJ

d
nc,nd


, β :=



β1,1

. . .
β1,nd

...
βnc,1

. . .
βnc,nd


. (6)

Following the complementarity-free contact resolution in
[13], the vector β can be computed in closed form using:

β = max
(
− hK(J̃Q−1b+ ϕ̃), 0

)
, (7)

where ϕ̃ = [ϕ1, . . . , ϕ1, . . . , ϕnc , . . . , ϕnc ]
T is the (extended)

vector of collision distances, and K is a stiffness matrix which
is a hyperparameter. As analyzed in [13], the above contact
impulse resolution has an intuitive physical interpretation: β is
the ”spring-like” forces due to compressing (penetrating) the
dual friction cone by the depth of max

(
− (J̃Q−1b+ ϕ̃), 0

)
and K is the stiffness of such spring force effect.

In dynamic settings, only spring-like contact forces may lead
to the oscillation of the contact dynamics (5). Thus, we add an
additional dampening term −DJ̃Q−1b/h. Here, J̃Q−1b/h
is the velocity of compressing the dual cone, and D is the
damping coefficient matrix, which is another hyper parameter.
Therefore, the contact parameters becomes

βdyn = max(−hK(J̃Q−1b+ ϕ̃)−DJ̃(Q−1b/h), 0), (8)

The final dynamic complementarity-free contact model becomes

v+ =
1

h
Q−1b+

1

h2
Q−1J̃

T
βdyn. (9)

For differentiablity, we replace the max in (8) with softmax.
The next system pose will be an backward Euler integration
of the above resolved next velocity, i.e., qt+1 = qt ⊕ hv+

t .



3

B. Complementarity-Free Model Predictive Control

We define the full system state as x = [q,v]. With access to
a differentiable dynamics model and predefined cost functions
c(x,u) for each step and VT (x) at the terminal of horizon,
we formulate a receding-horizon optimization problem solved
at each control step:

min
u0:H−1

∑H−1

t=0
c(xt,ut) + VT (xH)

s.t. qt+1 = qt ⊕ hv+
t

(10)

where ⊕ denotes velocity integration. The post-impact veloci-
ties v+

t are computed using the formulation in (2). The contact
information (contact location, Jacobian, contact distance) is
supposed to be re-calculated via collision detection pipeline at
every time step. However, since the collision detection itself
is not differentiable, we instead fix the contact Jacobian J̃
and penetration vector ϕ̃ to their values at the initial state x0

throughout each MPC horizon.
III. SIMULATED EXPERIMENT

We use MuJoCo [16] as the simulation environment for
evaluating the proposed method. It serves two purposes: first,
as a simulation environment; second, as a real-time component
for collision detection. We focus on dynamic on-palm object
reorientation tasks [12]. As shown in Fig. 1, the manipulation
system includes a 7-DoF Franka Research 3 robot arm with a
rigidly attached flat tray; a cube, duck and teapot are selected
from contactDB dataset [32] as test objects of various geometry.

In our dynamic complementarity-free contact model, we set
the parameters Kv = 0.5I, K = 0.55I, D = 0.15I, µ = 0.6.
The cube and the teapot have mass 0.1, and the duck has mass
0.2. The inertia matrix Mo is estimated by Mujoco for each
object. The MPC horizon H is set to be 6. The step cost and
the terminal cost of the MPC are set:

c(x,u) = w1cpos(po) + w2cquat(qo) + w3cjoint(qr)

+ w4 ∥vo∥2 + w5 ∥wo∥2 + w6 ∥u∥2 (11)

VT (x) = 25 ∗
(
w1cpos(po) + w2cquat(qo)

+ w4 ∥vo∥2 + w5 ∥wo∥2 + w6 ∥u∥2
)

(12)

where cpos(po) is the distance of object position po to a
reference position pref . Similarily, cquat(qo) is the quaternion
distance between the object and reference quaternion qref , and
cjoint(qr) is the distance between the robot joint and reference
robot joint qref . The term cjoint(qr) is designed to stabilize
the robot around its initial configuration and to penalize large
joint movements. In all tasks, pref = [0.1, 0.55, 0.623]T, and
qref = [0.11, 1.37, 1.69,−2.02, 1.82, 1.57, 0.24]T is the robot
starting position. qref depends on the varying target quaternions
of each tasks. With a weight w = [w1, w2, w3, w4, w5, w6]

T.
Two tasks are evaluated in the simulated environment to

demonstrate the effectiveness of our method:
A. Dynamic Reorientation via Controlled Sliding

We evaluate our method on three different objects: a cube,
a rubber duck, and a teapot. For each object, three target
orientations are specified by applying ±90◦ and 180◦ rotations
about the z-axis in robot base frame as shown in the left
panel of Fig. 1, forming the desired reference quaternion qref .
A small random noise is added to the initial position and

orientation of the object. For each target orientation, we conduct
20 independent trials, each lasting 500 MPC control steps. A
trial is considered successful if the object maintains the desired
pose—defined by cpos(po) ≤ 0.1 and cquat(qo) ≤ 0.05 —for
at least 15 consecutive steps. Success rates are computed for
each object, aggregated across all target orientations.

The success rates for reorienting the three objects are: 98.3%
for cube, 90.0% for duck and 78.3% for the teapot. Both
the cube and the duck achieve high success rates, while the
teapot exhibits a lower success rate. This is primarily due to
inconsistent multiple contact detections between the teapot and
the tray, which impacts control stability.
B. Dynamic Reorientation via Flipping

In the flipping task, the goal is to reorient a cube placed
on the robot’s palm to one of six distinct target orientations.
These targets are generated by applying ±90° and 180° rotations
around the x and y axes of the robot base frame, see Fig. 1.
Each of these target orientations is associated with a distinct
set of hand-tuned cost weights to account for the differing
contact modes involved. As in the re-orientation task, a trial is
marked as successful if the object satisfies the same condition
in controlled sliding tasks for at least 15 consecutive steps.
For successful trials, we also report the position difference
∥po − pref∥ and quaternion distance 1− (qToqref)

2 over those
steps to quantify precision.

The success rate, along with the mean position and quater-
nion errors for each target rotation, are reported in the Table
I. The success rate varies due to the differing levels of
difficulty among target poses when starting from the same robot
configuration. Despite the inherent difficulty of the flipping
task—which involves highly dynamic contact interactions—our
proposed control framework achieves a strong success rate
while maintaining good control precision.

TABLE I: Results of flipping tasks

Rotation Success Rate ∥po − pref∥ 1− (qToqref)
2

x,+90◦ 90% 0.029± 0.010 0.018± 0.013
x,−90◦ 65% 0.033± 0.011 0.016± 0.013
x, 180◦ 75% 0.062± 0.019 0.016± 0.013
y,+90◦ 85% 0.073± 0.018 0.019± 0.014
y,−90◦ 75% 0.061± 0.017 0.020± 0.015
y, 180◦ 70% 0.078± 0.018 0.019± 0.014

IV. REAL-WORLD EXPERIMENT
We evaluate our dynamic complementarity-free contact-

implicit MPC in hardware experiments on on-palm object
reorientation tasks. The setup features a Franka Emika Research
3 robot arm with a flat tray rigidly mounted to its end effector.
Due to the limited torque capacity of the robot, the hardware
experiments focus specifically on sliding-based reorientation.
The objective is to control the robot to execute precise sliding
motions that move the object from an arbitrary, perturbed
pose to a target pose centered on the tray. Two 3D-printed
objects are used in the experiments: a cube and a duck. The
workspace of the arm is equipped with a vision-based pose
estimation system to perform real-time perception. A calibrated
Intel D435i RGB-D camera is positioned to provide external
tracking of object pose (40Hz) during execution, using our
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Fig. 2: Screenshots of real-world on-palm reorientation via sliding. The object tracking result is shown in the top-right corner of each frame.
Following a human perturbation, the robot rotates the tray and exploits torsional friction to re-orient the object toward the target pose.

Fig. 3: Overview of the real-world on-palm manipulation system.

proposed tracking framework (which will be published soon),
while a nearby Dell workstation with Intel i9-13900K CPU
handles control computation, communication and data logging.
Fig. 3 shows an overview of the real-world control system.
During execution, the estimated object pose and the robot state
are continuously provided to the complementarity-free MPC
controller. The system state are also streamed into a collision
detection components (realized by MuJoCo) to compute contact
Jacobians and distance.

The MPC problem (10) is re-optimized at each time step with
CasADi library [33]. The physical parameters of the dynamics
model and the cost function weights used in the controller are
detailed in Table II, where I stands for the identity matrix.

TABLE II: Control Parameters in RealWorld Reorientation Tasks

Parameter Value (Cube) Value (Duck)

h 0.015 s 0.02s

Mo
diag(0.1, 0.1, 0.1,
2e−4, 2e−4, 2e−4)

diag(0.2, 0.2, 0.2,
4e−4, 4e−4, 3e−4)

Kv 0.5I 0.5I
K 0.5I 0.45I
D 0.1I 0.1I
µ 0.7 0.45
H 6 steps 6 steps

w
[6.0, 2.0, 0.8,

0.0, 1e − 5, 9e − 3]T
[12.0, 4.0, 6.0,

1e − 4, 3e − 3, 1.2e − 2]T

pref [0.073, 0.480, 0.586]T

qref [−0.07, 1.37, 1.72,−2.31, 1.81, 1.55, 0.07]T

qref [1, 0, 0, 0]T

As shown in Fig. 3, we fix the target pose of the object
across all trials, which is at the center of the tray and with a
specific surface facing the camera. We let a human to perturb
the object into different initial poses (Fig. 2). The objective
is that robot needs to reorient the objects back into the target
pose through controlled sliding.

A. Result
We evaluate the performance of our proposed method using

to-goal cost as the primary metrics. The to-goal cost quantifies

(a) Cube reorientation

(b) Duck reorientation

Fig. 4: Cost trajectories for the real-world on-palm reorientation tasks

how closely the object pose at every point on the trajectory
matches the desired target pose, based on the same step cost
function used by the MPC controller.

Experiments are conducted for both objects—the 3D-printed
cube and the rubber duck, with the setting described in the
previous section. Total running time is 3 minutes for both
tasks. The graphs of the to-goal cost of both experiment are
shown in Fig. 4a and Fig. 4b. In both plots, each spike of
the cost means a human perturbs the object into a random
pose. For each perturbed pose, the robot performs dynamic
controlled sliding to move the object back to the targe pose
(see video link for video demo). Therefore, we see the rapid
drop of the cost-to-go values. Throughout the experiments
(around 10 total human perturbation), the on-palm manipulation
system consistently demonstrates the robustness and reactivity
of the control strategy. A sequence of real-world images from
a successful reorientation trial is shown in Fig. 2. The MPC
solving time per step is 14.9± 5ms for the cube reorientation
and 16.1 ± 6ms for the duck reorientation, showing great
potential in real-time application. Qualitatively, the algorithm
maintains object orientation more accurately than position.
This is primarily due to two factors: camera calibration errors
on translation and the choice of MPC weighting parameters.
Failures are mainly caused from the tracking side. When object
tracking is stable, re-orientation is consistently successful.

V. CONCLUSION

We present a real-time contact-implicit MPC framework for
dynamic, contact-rich manipulation using a complementarity-
free contact model. Our approach enables efficient optimization
of contact interactions and is validated through both simulated
and real-world on-palm reorientation tasks. Results demonstrate
its effectiveness and highlight the potential of complementarity-
free models for dynamic dexterous manipulation.

Future work includes merging multisensory data such as
tactile sensor for more precise contact perception, transferring
to environments with more contact modes, as well as extending
our method to the torque control for better agility.

https://drive.google.com/drive/folders/1LJiEzE9jI-rJNj66vmwQuj1QEKn30sIQ?usp=sharing
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