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Tracing Energy Flow:
Learning Tactile-based Grasping Force Control

to Reduce Slippage in Dynamic Object Interaction
Cheng-Yu Kuo1, Hirofumi Shin2, and Takamitsu Matsubara1

Abstract—Regulating grasping force to reduce slippage during
dynamic object interaction remains a fundamental challenge in
robotic manipulation, especially when objects are manipulated by
multiple rolling contacts, have unknown properties (such as mass
or surface conditions), and when external sensing is unreliable. In
contrast, humans can quickly regulate grasping force by touch,
even without visual cues. Inspired by this ability, we aim to enable
robotic hands to rapidly explore objects and learn tactile-driven
grasping force control under motion and limited sensing. We
propose a physics-informed energy abstraction that models the
object as a virtual energy container. The inconsistency between
the fingers’ applied power and the object’s retained energy
provides a physically grounded signal for inferring slip-aware
stability. Building on this abstraction, we employ model-based
learning and planning to efficiently model energy dynamics from
tactile sensing and perform real-time grasping force optimization.
Experiments in both simulation and hardware demonstrate that
our method can learn grasping force control from scratch within
minutes, effectively reduce slippage, and extend grasp duration
across diverse motion-object pairs, all without relying on external
sensing or prior object knowledge.

Index Terms—Model Learning for Control; Perception for
Grasping and Manipulation; Grasping

I. INTRODUCTION

GRASPING an object using fingertips to perform
intended motion is common in tasks involving

object manipulation or transport. In these dynamic object
interactions, defined as scenarios where the object remains
stationary relative to the finger frame while the fingers
move, rolling contact occurs and slippage at the fingertips is
often unavoidable [1]. Under such conditions, object stability
depends on adjusting fingertip forces to reduce slippage.
However, especially in real-world scenarios, distinguishing
slippage during dynamic object interaction is challenging
due to the complex dynamics of multiple moving contacts,
unknown object properties such as mass or surface condition,
and unreliable external sensing caused by occluded vision.

Despite these challenges during dynamic object interaction,
human can rapidly regulate grasping force purely by touch.
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Fig. 1: Overview of the proposed framework for real-time grasping force
control under dynamic object interaction using tactile sensing. The object
is abstracted as an energy container with unknown properties, where fingertip-
applied power and retained energy change are compared to infer energy loss
as a physically grounded indicator of slippage. These energy quantities are
formulated into an energy-state representation, which is used in a Model-based
Reinforcement Learning (MBRL) framework to learn energy-flow dynamics
and perform grasping force optimization under dynamic object interaction
via probabilistic Model Predictive Control (pMPC) to reduce slippage. The
system is validated in both simulation and hardware.

For example, when retrieving an unseen item from a bag, the
sensation of slippage at the fingertips [2] enables humans to
adjust grasping force in real time. This highlights the unique
role of touch and raises a central question: how can a robotic
hand learn to adjust grasping force to minimize slippage during
dynamic object interaction using only tactile sensing?

While principled solutions exist for real-time grasping force
control [3]–[5], they often fall short when facing real-world
uncertainties such as unreliable external sensing and unclear
object properties. Under these limitations, slippage must be
inferred from tactile interaction alone. Furthermore, apart
from tactile-based slippage sensing in static or quasi-static
scenarios [6]–[8], motion and unknown surface conditions
blur the boundary of slippage determination, making explicit
supervision difficult [9]. These challenges highlight the need
for a tactile-driven approach that can reason about slippage
without relying on explicit supervision.

To address these challenges, we propose a physics-informed
energy abstraction that expresses slip-aware stability using
only tactile sensing without requiring explicit supervision.
Instead of modeling each fingertip’s contact dynamics, the
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object is abstracted as a virtual energy container. The system
computes the total power applied by all fingertips and
compares it to the change in the hypothetical object’s retained
energy (due to unknown object properties). Under energy-
conserving assumptions [10], consistency between the applied
power and the change in retained energy indicates a stable
interaction and yields a consistent estimate of the object’s
mass. Deviations from this consistency imply energy loss,
which we interpret as potential slippage through physical
reasoning. This abstraction provides a compact and physically
grounded signal for slip-aware stability based solely on tactile
sensing, making it well-suited for real-world scenarios with
sensing uncertainty and unknown object properties.

To implement our energy abstraction for grasping force
control, we integrate it into a Model-based Reinforcement
Learning (MBRL) framework [11, 12] for its sample efficiency
and ability to support rapid on-site learning [13], as illustrated
in Fig. 1. Specifically, we use our energy abstraction to
construct an energy-state representation for MBRL to learn the
dynamics of energy flow between finger-object interaction and
perform real-time grasping force control using probabilistic
Model Predictive Control (pMPC) [12, 14]. In practice, we
implement this approach within a modular system comprising
a nominal motion generator, a grasping force planner, an
impedance controller, and a model trainer. The nominal motion
generator produces finger trajectories to induce object motion
such as grasping, lifting, and manipulating. The grasping
force planner adjusts fingertip forces online via pMPC to
reduce slippage, while the impedance controller executes the
combined motion and force commands. The model trainer
updates the learned dynamics after each trial.

We validate the system in both simulation [15] and
hardware [16], demonstrating that our method can rapidly
acquire grasping force control from scratch within minutes,
effectively minimizing slippage across diverse motion and
object conditions, without relying on external sensing or object
knowledge. Our contributions are summarized as follows:

• We propose a physics-informed energy abstraction that
infers slippage from tactile-based energy inconsistency.

• We integrate this abstraction with MBRL for real-time grasp
force control.

• We validate the approach in simulation and hardware
without external sensing or prior object knowledge.

II. RELATED WORK

A. Modalities in Dexterous Object Interaction

Dexterous object interaction spans diverse research settings
with varying sensing and support modalities. Some methods
utilize external sensing (e.g., vision) to capture object states
and guide control [17, 18], while others rely on geometric
supports such as in-hand or palm-assisted stabilization [19]–
[23]. Certain approaches combine both external sensing and
geometric support to achieve complex tasks [24]–[28].

In contrast, we address dexterous interaction tasks without
external sensing or geometric support, relying solely on
fingertip tactile sensing to handle diverse objects and motions.

B. Tactile Sensing and Slippage Reasoning

Tactile sensing has been widely studied for slip detection
using signal analysis [29], supervised learning [7, 8], or
vibration-based methods [6], which typically require explicit
supervision. In dynamic manipulation, however, slippage
emerges gradually, making segmentation and labeling difficult.
Analytic approaches such as Damian et al. [30] estimate 1D
slip from artificial skin geometry and a force sensor, but are
fundamentally limited in dynamic tasks where 3D slip occurs.
Critically, the above methods are developed under quasi-static
settings and have limited applicability to multi-finger dynamic
object interactions, which involves object inertia and complex
inter-finger forces, making slippage reasoning difficult.

Instead, we employ a physics-informed energy abstraction
that integrates tactile sensing into model-based control. By
estimating energy consistency from forces and velocities
between multiple fingers and the object, our approach infers
slippage based on physical laws, enabling label-free, real-
time detection that accounts for object inertia and inter-finger
reaction forces during dynamic manipulation.

C. Energy-based Reasoning in Dexterous Manipulation

Energy-based reasoning has been applied to dexterous
manipulation, particularly with underactuated hands. Morgan
et al. [17, 18] introduce hand-centric energy formulations
based on the mechanical compliance of an underactuated hand,
using them to guide finger gaiting and grasp transitions.

Alternatively, we use object-centric energy abstraction that
models the object as a virtual energy container and assesses
grasp stability via energy consistency. This abstraction
aggregates multi-finger tactile input into a compact signal,
enabling slip-aware force control in real time.

D. Model-based Learning in Dexterous Object Interaction

Like our work, many recent studies explore the advantages
of model-based learning in dexterous object interaction,
particularly for managing complex dynamics and interaction
forces in high-dimensional control tasks. For instance, Kumar
et al. [28] employ local linear models to achieve sample-
efficient learning with a high-DOF robotic hand. Nagabandi
et al. [27] use deep ensemble dynamics with model predictive
control to manipulate free-floating objects. MPC-SAC [31]
blends offline policy learning with online planning for
robustness, while Radosavovic et al. [32] propose state-only
imitation learning to simplify model-assisted training.

While recent works demonstrate the efficiency of model-
based learning in handling complex dynamics, we build on
this advantage by introducing an energy abstraction that allows
capturing tactile-driven and slip-aware interactions without
modeling contact mechanics. This enables learning real-time
grasping force control without relying on external sensing.

III. PRELIMINARIES

MBRL with probabilistic dynamics, such as Gaussian
Processes, offers strong sample efficiency but suffers from
limited real-time applicability due to high computational
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Fig. 2: Energy abstraction from multiple contact interaction. We compute
the total applied power from all fingertip contacts and compare it with the
object’s retained power. Inconsistent mass estimates reflect energy loss, which
can be attributed to slippage. This physics-informed abstraction enables slip-
aware stability assessment without requiring object observation.

cost [11]. Therefore, we adopt the Fourier-featured Linear
Gaussian Model (LGM-FF) [12], which achieves scalable
learning and high-frequency control while preserving the
benefits of probabilistic dynamics modeling.

First, we view the system as a discrete-time transition:
xt+1 = f(xt,ut) + ϵ, where xt ∈ RD is the system state,
ut ∈ RU is the control input, and ϵ denotes Gaussian noise.

Next, LGM-FF models each state dimension independently
using input-target tuples (xt,ut,yi), where yi is the i-th
component of the next state xt+1. This yields a probabilistic
prediction p (xi,t+1) ≈ N (µi,t+1,Σi,t+1) for each dimension.

For multi-step planning, the predictive distribution at the
next timestep is obtained via uncertainty propagation [14]:

p (xt+1) = Ep(xt)[f(xt,ut)] = fM (p (xt) ,ut) . (1)

With LGM-FF, the complexity of uncertainty propagation
scales with O(DM2), where M is the number of random
Fourier features, independent of the sample size N . Since
M ≪ N in practice [12], this significantly reduces planning
time, enabling efficient real-time control.

IV. PROPOSED METHOD

We propose a physics-informed abstraction for object
manipulation. By characterizing tactile-only finger-object
interaction as energy flow, our method provides a compact
and physically grounded signal to reason about slippage. This
signal forms an energy-state used in MBRL to capture energy
consistency and enable slip-aware control without requiring
prior knowledge of object properties or external sensing.

A. Energy Abstraction for Finger-Object Interaction

Here, we assume a rigid, fixed-shape object with unknown
but constant mass m, and adopt point contacts (the
instantaneous position of rolling contacts) for all energy
computation. To reason about contact interactions, we model
the object as a virtual energy container, where the total energy
EA

t applied by n fingers is estimated by integrating contact
forces (F con ∈ R3) and contact point velocities (Ṗ con ∈ R3):

EA
t =

∫ t

0

n∑
i=1

F con
i,t ◦ Ṗ con

i,t dt ∈ R3. (2)

Also, we calculate the object’s hypothetical retained energy
ER

t using the grasp centroid Ct (mean of contact positions):

ER
t = m · [g⊤Ct,

1

2
Ċ◦2

t ] ∈ R4. (3)

Under ideal energy conservation, the total applied and retained
energies should differ by a constant offset:

1⊤EA
t − 1⊤ER

t = Eoff = const., (4)

where Eoff accounts for the unknown energy offset between
the object’s unknown center of mass and the grasp centroid.

To eliminate this unknown offset, we take discrete-time
derivatives of the applied and retained energies, and calculate
the applied PA

t and retained PR
t power at each step as:

PA
t = EA

t −EA
t−1 ∈ R3, (5)

PR
t = ER

t −ER
t−1 = mP̃R

t ∈ R4, (6)

where P̃R
t ∈ R4 denotes the “massless” retained power.

Ideally, there is no discrepancy between the total applied
and retained power; thus, the object’s mass is estimated as

m̃t = 1⊤PA
t

/
1⊤P̃R

t . (7)

Under the constant mass assumption, m̃t should remain steady.
In practice, slippage or uncoordinated forces cause energy loss,
leading to fluctuations in the estimated mass. We interpret
these fluctuations as physically grounded signals of slip-aware
stability, as illustrated in Fig. 2.

B. Dynamics Learning and Control with Energy Abstraction

Utilizing the energy abstraction, we define an energy-state
for modeling finger-object energy flow using MBRL:

xt := [PA
t , P̃R

t , Θt] ∈ R10, (8)

where Θt ∈ R3 is the orientation of the grasp centroid. The
control signal ut ∈ R7 comprises desired centroid velocities
(linear Ċ⋆

t ∈ R3 and rotational Θ̇⋆
t ∈ R3) for motions and

corresponding grasping force F ⋆
t ∈ R:

ut := [Ċ⋆
t , Θ̇

⋆
t , F

⋆
t ]

⊤ ∈ R7 (9)

By learning the energy-state transition dynamics using
LGM-FF, the grasping force is determined by a probabilistic
Model Predictive Control (pMPC) [12]. At each step, a
nominal motion generator produces reference velocity and
angular velocity commands (Ċ⋆

t , Θ̇
⋆
t ), while pMPC computes

the grasping force sequence (F ⋆
t ∈ RH ) that minimizes

expected power discrepancy over a prediction horizon H:

min
F ⋆

t

H+1∑
k=2

E[ℓ(x̂k)], s.t. x̂k+1 = fM (x̂k, ûk) , x̂1 = xt (10)

where ℓ(x̂k) penalizes fluctuations in estimated mass as a
proxy for energy inconsistency. The first entry in the optimized
sequence is used as the applied force (F ⋆

t := F ⋆
t (1)). This

force is then distributed among the contacting fingers via force
closure [5], while ignoring object mass.
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Fig. 3: Robotic hands and manipulated objects in the hardware and
simulated environments.

Fig. 4: Overview of our control framework integrating the energy
abstraction and MBRL. The system consists of a nominal motion generator,
a grasping force planner, an impedance controller, and a model trainer.
The motion generator produces baseline Grasp Centroid (GC) and finger
trajectories to induce object motion. The energy abstraction constructs a
compact energy-state representation from tactile sensing, which is used by the
MBRL to learn interaction dynamics. Real-time grasping force optimization
is performed by pMPC based on the learned energy dynamics. This structure
supports real-time grasping force control with tactile sensing only.

C. Online Model-based Learning and Control

We adopt an MBRL strategy that learns dynamics
online through iterative manipulation trials. At each step, a
nominal motion generator induces object motion, while pMPC
optimizes the grasping force by minimizing expected energy
loss based on predicted energy-state transitions. To mitigate
control latency, we employ an ahead-planning scheme [12]
that pre-computes the grasping force for the next step. Initial
trials rely on random exploration, while subsequent executions
leverage model-based control. After each trial, the dynamics
model is updated using the collected samples, progressively
improving prediction and control performance. This pipeline
enables learning real-time grasping force control without
requiring external sensing or knowing object properties.

Fig. 5: Definition of periodic manipulation motions. The reference positions
of the grasp centroid are denoted by C⋆ (translation) and Θ⋆ (rotation).
Each motion is described by a sinusoidal profile with angular frequency
ω and amplitudes llift, lcirc, and θrot for Z-lift, XZ-circle, and Y-rotate
respectively. The elevation offset linit denotes the lifted position during
transition, and t′ = ta − 4 indicates the relative time from the lift phase
to the onset of manipulation. Parameters differ slightly between simulation
and hardware to accommodate the kinematic constraints of each robot hand.

Fig. 6: Pre-learning analysis of slippage versus grasping force across
object-motion pairs. Each column shows slippage (the increased distance
between finger and object frame) under three manipulation motions for objects
of different masses, with fixed grasping forces from 1N to 29N over 30 trials.
Solid lines show median slippage; shaded areas show range. Markers indicate
the force minimizing slippage for each motion.

V. SETUPS FOR EXPERIMENT AND IMPLEMENTATION

A. Experiment Environment

We evaluate our method in both simulation and hardware
using different dexterous robotic hands, demonstrating that it
does not depend on a particular hand design (see Fig. 3).

Hardware: We use a Honda R&D robotic hand [16], which
mimics an adult human hand and features four degrees of
freedom per finger. Contact forces and positions are estimated
using load cells at each joint, without dedicated fingertip tactile
sensors. The robot is velocity controlled at 250Hz locally and
communicates with MBRL at 10Hz.

Manipulated objects include two weighted 3D-printed
shapes with smooth surfaces: a 320g “Trapezoid” with sloped
edges that challenge stability, and a 350g “Hammer” with an
offset center of mass, introducing dynamic balance challenges.

Simulation: We use a Shadow Dexterous Hand in
MuJoCo [15], which is also velocity-controlled at 500Hz
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Fig. 7: Pre-learning analysis of energy-based mass estimation versus
slippage. Each ellipse shows the 95% confidence ellipse of energy-based
mass estimates and slippage (the increased distance between finger and object
frame) for 100g, 500g, and 900g objects across {15 fixed grasping forces
× 3 motions × 30 trials}. Trials are categorized as successful or failing.
Successful trials (solid ellipses) produce mass estimates that are closer to
ground truth with lower slippage, while failing trials (transparent ellipses)
show larger estimation errors and higher slippage.

Fig. 8: Comparison of learning and non-learning baselines for
grasping force control using a 900g object and three manipulation
motions in simulation. Learning-based methods differ in sensing and
state representations, while “Feedback-Ctrl” applies a non-learning feedback
strategy based on energy estimates (see Eq. (12)). Despite lacking object
observation, “Energy-Tactile (Ours)” achieves comparable final performance,
demonstrating the effectiveness of tactile-driven energy abstraction.

locally and communicates with MBRL at 10Hz in real-time.
The manipulated object is a 60mm×40mm×50mm cuboid

with weights selected from {0.1, 0.5, 0.9} kg, aiming to isolate
the impact of mass and inertia during manipulation. The robot
must regulate grasping force to handle these properties.

B. Key Evaluation Questions

To help interpret the significance of our results, we frame
our evaluation around the following questions:

Q1 Why must the grasping force strategy account for different
objects and manipulation motions?

Q2 Can energy abstraction serve as a reliable slip-aware
control signal without external sensing?

Q3 How effectively can MBRL with energy abstraction learn
and handle different objects and manipulation motions?

Q4 Can our approach learn on hardware from scratch?
The first three are examined through simulations, while the
final question is explored through hardware experiments.

C. Control Framework

Our framework comprises three modules: nominal motion
generation, grasping force optimization, and model trainer
(see Fig. 4). The nominal motion generator produces baseline
Grasp Centroid (GC) and fingertip trajectories from a
predefined motion library, inducing object motions such as
grasping, lifting, and manipulation. Based on the learned
energy dynamics, the grasping force optimizer controls
fingertip forces in real time using pMPC. Motion and force
commands are integrated and executed by a velocity-based
impedance controller [16]. After each trial, the model trainer
updates the dynamics model using the collected data.

Each MBRL run consists of multiple trials, where each trial
continues until the target grasp duration is reached (success)
or the object is dropped (failure). In simulation, trials repeat
until over two minutes of data (1200+ samples) are collected
per run, typically yielding ≈15 trials. In hardware, each run
includes a fixed set of eight trials due to scheduling constraints.

As some trials may terminate early, trial lengths can vary.
Thus, all performance plots are aligned by accumulated sample
duration rather than trial count.

D. Nominal Manipulation Motion and Motion Phases

Each MBRL trial comprises three phases:
[P1] Approach: a universal motion to approach the object:

The thumb, index, and middle fingers move towards the
GC until a contact force threshold is reached (2N for
hardware, 5N for simulation; heuristically tuned to avoid
false failure detection). Then, timer is reset (ta = 0) and
pMPC grasping force optimization started.

[P2] Lift: Elevate the object by linit mm.
[P3] Manipulation: Execute one periodic motion from:

[M1] Z-lift: Vertical sinusoidal lifting.
[M2] XZ-circle: Circular motion in the xz-plane.
[M3] Y-rotate: Periodic pitch rotation about the y-axis.

Motion details are provided in Fig. 5. Phase changes at ta =
0.5s (P1→P2) and ta = 4s (P2→P3). Phase P3 terminates at
ta = 25s for simulation and ta = 20s for hardware.

E. Real-time Grasping Force Planning via pMPC

We use pMPC to minimize fluctuations in estimated mass
by defining the immediate loss function as:

ℓ (xk) = − exp (−α|m̃k −med (m̃t) |) , (11)

where med(m̃t) is the median of estimated masses up to
time t, and α = 200. To avoid vibration, the pMPC control
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Fig. 9: Learning grasping force control for objects with unknown properties using only tactile sensing in simulation. Experiments cover three object
masses (100g, 500g, 900g) and three manipulation motions (Z-lift, XZ-circle, Y-rotate), each repeated 20 MBRL learn-from-scratch runs. Each row corresponds
to a different motion type. Left: Grasp duration increases as the learned dynamics improve, enabling more stable planning. Middle: Mass estimates derived
from the learned model converge toward ground truth, reflecting both model accuracy and the expressiveness of the energy abstraction. Right: Grasping force
consistently converges to distinct ranges for different object-motion pairs, highlighting the system’s ability to handle varying manipulation conditions. These
results confirm that our MBRL framework can learn robust grasping force control in real time, without prior object knowledge or direct object observation.

space is constrained to a ±3N window on the previously
applied force: FG,t ∈ [FG,t−1 ± 3N]. Force limits are set
to [0, 30]N in simulation and [0, 20]N in hardware. During
the first MBRL trial, a random grasp force is sampled from
[0, 20]N (simulation) or [0, 10]N (hardware).

VI. EXPERIMENTAL RESULTS

Q1. Why must the grasping force strategy account for
different objects and manipulation motions?

To investigate how grasping force affects slippage under
varying conditions, we conduct a pre-learning analysis using
fixed-force trials. As shown in Fig. 6, each object-motion pair
exhibits a distinct relationship between grasping force and
slippage, and the optimal force for minimizing slippage varies
significantly with object mass and motion type. For lighter
objects (left), excessive force leads to instability, while heavier
objects (right) demand substantially more force to avoid
failure. These results show that the optimal grasping force
varies with each object-motion pair and cannot be determined
without case-specific trial-and-error. This underscores the need
for adaptive force strategies, as no single predefined value can
handle diverse interaction conditions reliably.

Q2. Can energy abstraction serve as a reliable slip-aware
control signal without external sensing?

To assess whether the energy abstraction reflects slippage,
we analyze energy-based mass estimates under fixed-force
trials. As shown in Fig. 7, successful trials yield accurate,
consistent estimates near the true mass, while failing trials
show greater slippage and wider deviation. These results

support energy abstraction as a physically grounded signal for
grasp stability without external sensing.

Next, we empirically evaluate five configurations using the
same object (900g) across all three manipulation motions:
1) Feedback-Ctrl: A non-learning baseline that adjusts

grasping force based on energy-based mass estimates as:

FG,t = FG,t−1 + γ(m̃t − med(m̃t)) · 3N, (12)

where we tested the gain term across γ ∈ {1, 2, 3, 4, 5}.
This verifies whether stable grasping can be achieved using
simple feedback without learning or prediction.

2) Object-Observed (MBRL with external object state
sensing): The state includes only the object’s motion
(no finger interaction), and pMPC simply maximizes the
object’s z-height. This naive baseline tests whether object-
level heuristics suffice for maintaining stability.

3) Interaction-Observed (MBRL with external object state
observing): The state includes both the object’s motion and
grasp centroid (GC), and pMPC minimizes the discrepancy
between them to reduce slippage. This serves as an upper-
bound baseline under full observability.

4) Energy-Observed (MBRL with external object state
observing): The state and pMPC objective are identical to
our approach, but energy features are computed directly
from object observation, serving as a reference to validate
our energy abstraction in low-uncertainty settings.

5) Energy-Tactile (Ours): Our proposed approach uses only
tactile sensing to learn energy-based interaction dynamics
and optimize grasping force.

All results are shown in Fig. 8. Feedback-Ctrl demonstrates
that energy-based mass estimates can encode slip-relevant
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information, enabling stabilization for specific motions and
gain values. However, the optimal γ varies by condition,
and in Z-lift, manual tuning fails to achieve the target 25s
grasp duration, highlighting the limited generalizability of this
approach and the need for learning-based strategies. Object-
Observed also fails to stabilize the object under dynamic
motions, revealing the limitations of heuristic-based learning.
In contrast, other learning-based methods, adapt robustly
across object-motion variations. While Interaction-Observed
performs best under full observability, Energy-Observed
achieves comparable results, validating the energy abstraction
itself. Most notably, Energy-Tactile achieves similar final
performance using only tactile sensing, with minimal learning
delay, demonstrating the effectiveness and practicality of our
method under sensing constraints.

Q3. How effectively can MBRL with energy abstraction learn
and handle different objects and manipulation motions?

We conducted learn-from-scratch experiments across three
object masses, three manipulation motions, and 20 MBRL
runs per object-motion pair. As shown in Fig.9-Left, our
method rapidly improves grasp duration within two minutes
of interaction. Without external sensing or prior knowledge
of object mass, the learned model accurately captures object
dynamics, evidenced by the fast convergence of energy-
based mass estimates toward ground truth (Fig.9-Middle).
Finally, the grasping force distributions consistently converge
to distinct ranges for each object-motion pair (Fig. 9-Right),
demonstrating that our approach generalizes robustly across
diverse conditions using only tactile sensing.

In addition, we present an example trial in Fig. 10. The
object trajectory closely follows the desired path, resulting in
a stable grasp with less than 8mm of cumulative slippage over
25s. Notably, the grasp force exhibits a quasi-periodic pattern
reflecting the intended Z-lift motion, varying between 5N and
25N for this object-motion setting. This variation in force is
also reflected in the summarize results across all conditions
(see Fig. 9-Right). This example demonstrates how our method
uses energy consistency to adaptively optimize grasping force.

Q4. Can our approach learn on hardware from scratch?

We evaluate our method on hardware using two objects
with unknown properties (“Trapezoid” and “Hammer”) across
three manipulation motions. As shown in Fig. 11, our method
consistently improves grasp duration within one minute of
interaction, despite learning-from-scratch using only tactile
sensing. The estimated object masses converge toward ground
truth values, validating the applicability of learning energy
dynamics in real-world. Similar to simulated results, the
learned grasping forces adaptively converge to higher values
for the heavier and geometrically more challenging “Hammer,”
demonstrating our method’s ability to learn and regulate
grasping force directly on hardware.

VII. DISCUSSION

While our method demonstrates effective tactile-based
grasping force control, it has limitations and requirements. Our

Fig. 10: An example trial showing real-time grasping force control
under the proposed MBRL framework in simulation (motion: Z-lift;
object: 500g). Top: Object and grasp centroid trajectories remain closely
aligned throughout motion. Second: Grasping force is continuously adapted
in real time to accommodate changes in interaction dynamics induced by
the periodic “Z-Lift” motion. Third: Cumulative slippage stays below 8
mm during the trial. Bottom: Energy-based mass estimation remains stable,
indicating consistent learning of object interaction dynamics.

method is restricted to rigid objects with fixed mass. It also
requires 3D fingertip contact forces and positions, which can
be obtained directly by force sensors or joint load cells (as in
this work). With recent advances in tactile signal processing,
we believe our method can be extended to robots that use
tactile sensors to estimate the required contact information.

Future work may extend our modular framework to
advanced manipulation tasks (such as contact shifts, palm
engagement, or intricate motions) by integrating RL policies
to generate reference trajectories or to replace pMPC planning.
While pMPC provides high stability, its computational cost can
limit control frequency and scalability. Combining MBRL with
RL policies, and leveraging energy abstraction as a reward or
feedback, may further improve efficiency, interpretability, and
capability for advanced manipulation.

VIII. CONCLUSION

We presented a physics-informed energy abstraction that
enables tactile-based grasping force control to reduce slippage
during dynamic object interaction. By leveraging energy
consistency, the approach provides a compact and physically
grounded signal for slip-aware reasoning without requiring
object priors or explicit supervision. Integrated with model-
based reinforcement learning, the system achieves rapid
learning and real-time control in both simulation and hardware
across diverse object-motion pairs, demonstrating its potential
for sample-efficient tactile manipulation.
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