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Abstract

Contact-rich manipulation requires reasoning about the complex dynamics at the inter-
face between interacting objects. These interactions generate structure-borne signals that
encode critical information about contact, slip, and material behavior, but leveraging such
information in robotics remains challenging due to limitations in existing sensing and model-
ing approaches. Acoustic sensing provides a direct way to capture these signals, offering new
opportunities for understanding physical interaction. This thesis investigates how acoustic
sensing can be used to model and represent contact in increasingly complex settings.

The first part of this thesis utilizes acoustic sensing as a binary signal for object slip
during non-prehensile transport with a tray. By using piezoelectric microphones to capture
vibration patterns associated with slip, we learn a motion-conditioned friction model that
enables an optimization-based motion planner to adapt inertial constraints online. This
approach minimizes object slip, demonstrating that acoustic signals can augment analytical
models by capturing real-world effects that are difficult to model explicitly.

The second part focuses on learning structured representations of slip for in-hand manip-
ulation from acoustic signals. We develop a multi-channel acoustic sensing system embedded
in a parallel-jaw gripper, with a learned model that estimates continuous slip direction and
magnitude in real time from spatially distributed piezoelectric microphone signals. This for-
mulation enables closed-loop control and highlights the importance of spatially structured
sensing in resolving ambiguities in contact-rich interaction.

The final part extends this representation learning approach to human-object interaction,
where perception becomes more challenging due to high degrees of freedom, occlusion, and
distributed contact. We introduce a visuo-acoustic system that integrates wearable active
acoustic sensing with vision to estimate contact on hand meshes. By learning a cross-modal
representation that fuses acoustic and visual features, the system improves the accuracy
and robustness of contact estimation, particularly when visual observations are incomplete
or ambiguous. This demonstrates how acoustic sensing complements existing perception
modalities in more complex settings.

Together, these contributions demonstrate that acoustic sensing provides a practical foun-
dation for understanding contact-rich physical interaction. Using structure-borne vibrations,
this work enables more robust modeling and representation of contact, leading to improved
perception and control in robotic manipulation.
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Chapter 1

Introduction

Robotic manipulation fundamentally relies on physical interaction with the environment.
Most tasks require robots to continuously engage with contact, where small changes at the
interface between end effector and objects can determine whether an action succeeds or fails.
These interactions are governed by complex dynamics, including frictional effects, micro-
slip, and material-dependent behavior, which often evolve rapidly and vary across different
conditions. Accurately perceiving and reasoning about these dynamics remains challenging
in robotics.

A key difficulty arises from how interaction is observed. Many robotic systems rely heavily
on vision to infer contact, using geometric information to estimate object pose and predict
motion. While effective in many scenarios, vision provides only an indirect view of physical
interaction and often fails under occlusion, fast motion, or subtle contact changes. Tactile
sensors and force-torque sensors offer more direct measurements, but are often limited in
spatial resolution, coverage, or durability. As a result, many important aspects of contact,
particularly those that evolve quickly or occur over distributed regions, remain difficult to
capture using conventional sensing approaches.

At the same time, physical interaction inherently produces signals that are often under-
utilized. When objects come into contact, they generate vibrations through friction, impacts,
and deformation. These structure-borne signals propagate through the materials involved
and reflect how the interaction evolves over time. Unlike vision, they do not rely on line-of-
sight, and unlike traditional tactile sensing, they naturally capture high-frequency dynamics
associated with contact. These properties make them a promising source of information for
understanding physical interaction.

Acoustic sensing provides a direct way to access these signals. By measuring vibrations at
the interface between a robot and its environment, it becomes possible to observe interaction
dynamics that are otherwise difficult to capture. However, effectively using these signals in
robotic systems presents several challenges. The measurements are high-dimensional, tem-
porally dense, and tightly coupled with system behavior, making them difficult to interpret
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without appropriate representations and models. Additionally, their relationship to task-
relevant properties, such as slip, friction, or contact state, is often indirect and must be
learned from data.

This thesis explores how acoustic sensing can be used to better understand and utilize
contact-rich interaction in robotic manipulation. Rather than treating vibration signals as
auxiliary cues, we investigate how they can serve as a primary source of information that
informs modeling, representation, and perception across different manipulation settings.

We first consider how acoustic signals relate to the underlying dynamics of interaction. In
many manipulation tasks, small discrepancies between modeled and real-world behavior can
lead to significant errors. For example, during fast object transport, inaccurate assumptions
about friction can cause objects to slide or become unstable. By observing vibration patterns
generated during interaction, it becomes possible to capture aspects of the system that are
difficult to encode analytically, enabling models that adapt to real-world conditions.

Beyond modeling, representing contact in a meaningful way is equally important. Con-
tact is often treated as a binary condition, but in practice it evolves continuously and exhibits
rich structure. Slip, for instance, is not simply an event but a process with direction, mag-
nitude, and temporal variation. Acoustic sensing provides a natural way to capture these
dynamics, particularly when signals are collected from multiple spatially distributed sensors.
By leveraging such signals, we can develop representations that reflect how interaction un-
folds over time and space, providing more informative feedback for control.

As interaction becomes more complex, perception introduces additional challenges. In
scenarios involving human hands, for example, contact is distributed across a high-dimensional
surface and often occurs under occlusion. Visual information alone may be insufficient to
resolve these interactions accurately. Acoustic signals provide complementary information
that is directly tied to physical contact, and combining them with vision enables more robust
estimation of interaction states.

Across these settings, a consistent perspective emerges: interaction can be understood
not only through geometry or force, but also through the signals it generates. By leveraging
structure-borne vibrations, we gain access to information that is difficult to capture with
conventional sensing alone. This perspective enables systems that better reflect the dynamics
of real-world interaction, improving both perception and control in manipulation tasks.

The contributions of this thesis follow this progression. We show that acoustic signals
can inform task-relevant dynamics, enabling models that adapt to real-world interaction.
We develop structured representations of slip that capture its continuous nature and support
closed-loop control. Finally, we integrate acoustic sensing with vision to address perceptual
challenges in more complex interaction scenarios. Together, these contributions demonstrate
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that acoustic sensing provides a practical foundation for understanding and utilizing contact
in robotic manipulation.

1.1 Thesis Outline
Chapter 2 investigates acoustic-guided constraint learning for non-prehensile transport.

Chapter 3 introduces continuous in-hand slip estimation using multi-channel acoustic sens-
ing. Chapter 4 presents a visuo-acoustic framework for contact estimation in human-object
interaction.
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Chapter 2

Hearing the Slide: Acoustic-Guided
Constraint Learning for Fast
Non-Prehensile Transport

Object transport tasks are fundamental in robotic automation, emphasizing the impor-
tance of efficient and secure methods for moving objects. Non-prehensile transport can
significantly improve transport efficiency, as it enables handling multiple objects simulta-
neously and accommodating objects unsuitable for parallel-jaw or suction grasps. Existing
approaches incorporate constraints based on the Coulomb friction model, which is imprecise
during fast motions where inherent mechanical vibrations occur. Imprecise constraints can
cause transported objects to slide or even fall off the tray. To address this limitation, we
propose a novel method to learn a friction model using acoustic sensing that maps a tray’s
motion profile to a dynamically conditioned friction coefficient. This learned model enables
an optimization-based motion planner to adjust the friction constraint at each control step
according to the planned motion at that step. In experiments, we generate time-optimized
trajectories for a UR5e robot to transport various objects with constraints using both the
standard Coulomb friction model and the learned friction model. Results suggest that the
learned friction model reduces object displacement by up to 86.0% compared to the baseline,
highlighting the effectiveness of acoustic sensing in learning real-world friction constraints.
Video demonstrations see https://fast-non-prehensile.github.io/.

2.1 Introduction
When using a tray as the end effector, robots avoid issues around parallel jaw grip-

pers where objects can be too large for the gripper [4], difficult-to-grasp [5], or irregularly-
shaped [6]. Similarly, trays avoid issues around suction grasping porous or deformable ob-
jects, or computing suction-grasp stability [7, 8]. Additionally, non-prehensile transport can
boost efficiency by allowing simultaneous transport of multiple objects [9, 10], reduce com-
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Yellow arrow: frictional acceleration
Cyan arrow: total inertial acceleration
Red arrow: inertial acceleration along tray surface

2.1. Fast non-prehensile transport. Top left: Time-optimized transport without
constraints drops the object. Bottom left: With friction-based constraints, the motion
planner initiates tray tilt to compensate for inertia effects, safely transporting multiple
fragile objects. Right: We propose a learned dynamic constraint to balance the inertial
and frictional forces during fast transport, reducing object sliding.

putational costs by avoiding computations for traditional rigid grasps, and lower upfront and
maintenance expenses as trays have no actuation.

We consider a modular workcell setup where a robotic manipulator uses a tray to trans-
port objects, adaptable to a wide range of automated manufacturing scenarios that benefit
from fast object handling. A key safety concern, especially when moving large or fragile
objects, is minimizing any displacement of the object on the tray, which requires balanc-
ing inertial and frictional forces on the transported objects. Recent works have addressed
the challenges of fast non-prehensile transport by incorporating constraints based on the
Coulomb friction model with model predictive control (MPC) to secure objects [11, 12].
However, they do not explicitly aim to push the robots to their speed limit or minimize
object sliding, which occurs when the Coulomb friction model fails to account for some real-
world factors during fast transport. We address this limitation by augmenting the Coulomb
friction model. We analyze the dynamic interactions between the tray and transported ob-
jects to develop a friction model that infers the real-world friction constraint, allowing a
robot to simultaneously minimize object sliding and transport time.

Learning a dynamic friction model requires observing transported objects throughout
high-speed motions. While camera-based setups are common in workcells, they require spe-
cial hardware to have a high frame rate, avoid motion blur, and work around occlusions.
While augmenting the tray with pressure-based tactile sensors would provide high-speed
sensing that avoids occlusions, it comes at a significant additional expense and the potential
for wear over time. Instead, we propose using acoustic sensing as it offers advantages in-
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cluding high sampling frequency, low latency, robustness to environmental noise, and ease of
implementation, thus well-suited for detecting object sliding in non-prehensile transport. By
attaching a contact microphone to the tray, we capture vibrations induced by object motion
everywhere on the tray surface.

During high-speed motions constrained by the standard Coulomb friction model, the
attached contact microphone detects unexpected sliding motions correlated with the robot’s
mechanical vibrations, which intensify with transport speed. Leveraging the sensing data, we
train a neural network to learn a friction coefficient that updates with varying tray velocity
and acceleration, improving non-prehensile transport safety beyond limitations of methods
based on the standard Coulomb friction model.

In experiments, we learn the dynamic friction model with data collected from a UR5e
robot. We test constraints with the standard Coulomb friction model and the learned friction
model on 8 objects with 12 different configurations. Results suggest that the learned friction
model can reduce the object displacement by up to 86.0% compared to the baseline.

The contributions of this chapter are:

• An acoustic sensing approach to learn effective friction between the tray and trans-
ported objects during high-speed non-prehensile transport.

• An integration of the learned friction model into a time-optimizing motion planner.

• Physical experiments on a UR5e robot suggesting the learned friction model lowers
displacement over a standard Coulomb friction model during high-speed non-prehensile
transport.

2.2 Related Work
2.2.1 Non-Prehensile Transport

The Waiter’s Problem, proposed by Bernheisel and Lynch [13], is the problem formulation
most closely related to this chapter. It proposes transport of objects subject to unilateral
constraints only and motion planning that takes into account inertial effects. Different
approaches have been taken to secure objects on a moving tray [14]. Acharya et al. [15]
focus on preventing object tipping and propose using s-curve motion profiles to control peak
accelerations after analyzing the marginal stability of objects. Zhou et al. [16] transports a
tray with a dual-arm setup and employ MPC to compute grasping wrench, together with a
force servoing controller to control contact forces between the tray and both end effectors.
Selvaggio et al. [11] design an MPC framework to move the tray along a reference trajectory.
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Heins and Schoellig [12] develop an MPC algorithm for a mobile manipulator to respond to
dynamic obstacles while balancing the objects by optimizing trajectories online.

Unlike the previous works that primarily address the motion planning challenges of non-
prehensile transport, our approach focuses on the performance of transport from the aspect of
object displacement relative to the tray during transport. We push friction-based constraints
to the real-world limits by addressing physical phenomena rather than relying solely on
standard physics analysis of Coulomb friction. Instead of using minimum statically-feasible
friction coefficients [12] or a conservatively approximated friction cone space which may
still lead to significant (� 1 cm) object displacements during transport [11], we measure the
friction coefficients experimentally, use their exact values during motion planning for time
optimization, and refine them with a learned model to boost performance.

2.2.2 Acoustic Sensing in Manipulation

Acoustic sensing with contact microphones provides a low-cost solution for ensuring that
signals are accurately aligned in time with little engineering effort, making data processing
easier. In manipulation tasks, contact microphone data can facilitate perception and learn-
ing [17], [18], [19]. Clarke et al. [20] propose using vibrations from contact to measure flow
and amount of granular materials during scooping and pouring using a signal processing
method that converts audio into binned spectrograms. We adapt their approach to focus
on detecting sudden increases in vibration intensity caused by object sliding, rather than
training a model directly from the spectrograms’ visual features.

2.2.3 Motion Planning for Dynamic Manipulation

Optimization-based motion planners generate smooth trajectories while enforcing con-
straints [21–23]. In the context of dynamic manipulation, the kinematic and dynamic lim-
itations of robots play an important role in the formulation of constraints to speed up
motions [24, 25]. Additionally, the constraints should incorporate either analytical formu-
lations of the problems [26–30], or learned models [8, 31–34], to account for the dynamic
properties during motion planning. Inspired by these prior works, we take an integrated
approach for motion planning. We adapt the optimization-based motion planning frame-
work from GOMP-FIT [29], formulate a task-oriented constraint analytically, and embed a
learned model in this constraint.
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2.3 Problem Statement
A robot with n degrees of freedom has a tray end effector. Let q 2 C be the angular con-

figurations of all n joints of the robot, where C � Rn is the set of all valid configurations. Let
xi = [qi; _qi; �qi] 2 X be the robot’s dynamic state at any time step i. Let � = (x0;x1; :::;xH)

be the complete trajectory discretized to H + 1 time steps. Let fk : C ! SE(3) be the
forward kinematics function that computes the pose of the tray.

Given the start and goal tray positions, gstart;ggoal 2 SE(3), and the centroids of m
objects resting on the robot’s tray, the objective is two-fold. First, identify task-oriented
dynamic constraints D adaptable to real-world uncertainties and a function fc to map robot’s
state to the constrained parameters for each object to prevent sliding. Second, compute a
time-optimized trajectory � that satisfies the following conditions: fk(q0) = gstart, fk(qH) =

ggoal, while ensuring that the robot kinematic and dynamic constraints, along with the
identified constraints D, are met at each time step.

For objects transported on a moving tray, we assume: 1) they have even contact surfaces,
2) they will not topple during transport, 3) all external forces are exerted at their centroids,
and 4) they do not apply forces on each other. Additionally, we assume aerodynamic,
adhesive, and electrostatic forces to be negligible during object transport.

2.4 Preliminary
We construct the motion planning framework for evaluating various friction models in fast

non-prehensile transport. We formulate a baseline constraint with the standard Coulomb
friction model and integrate it with the motion planner from GOMP-FIT [29] to solve the
non-prehensile transport problem. This section provides background on GOMP-FIT, then
discusses the integration of task-specific constraints.

2.4.1 GOMP-FIT Background

GOMP-FIT formulates motion planning for fast transport as an optimization problem
and solves it with a sequential quadratic program (SQP) solver. GOMP-FIT discretizes the
trajectory into a sequence of H + 1 waypoints consisting of joint configurations and their
derivatives, xi = [qi; _qi; �qi] ; i 2 [0; H], each separated by a timestep tstep.

We employ the inner loop of GOMP-FIT that solves an SQP where the optimization is
in the form:
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arg min
x[0:::H]

1

2
xTPx + pTx

s.t. fk(q0) = gstart; fk(qH) = ggoal

qi 2 C 8i 2 [0; H]

qi; _qi; �qi;
...
q i 2 joint limits 8i 2 [0; H]

qi+1 = qi + tstep _qi +
1

2
t2�qi 8i 2 [0; H)

_qi+1 = _qi + tstep�qi 8i 2 [0; H)
...
q i+1 = (�qi+1 � �qi) =tstep 8i 2 [0; H)

fc(qi; _qi; �qi) 2 D 8i 2 [0; H] ;

where P minimizes the sum-of-squared jerks, p includes penalties for non-convex constraints,
and D and fc together characterize the task-oriented constraints in dynamic manipulation.
The SQP solver repeatedly linearizes the non-linear constraints to form a quadratic program
(QP) and accepts the solutions that improve the trajectory. In the (k + 1) iterate, a non-
linear constraint of the form g(x) � c is linearized around the current iterate xk through
first-order approximation using its Jacobian: Jxk + 1 � Jxk � g(xk) + c.

We apply a time shrinking strategy similar to Curobo [35], keeping a fixed H (H=32

in experiments) and shrinking tstep through binary search (starting from tstep = 0.25 s in
experiments). The algorithm terminates when the SQP fails to find a solution or when the
update of tstep between iterations is less than 50 µs. The planner returns the trajectory with
the smallest tstep that allows the SQP to succeed as (locally) time-optimal.

2.4.2 Baseline Constraint with Standard Coulomb Friction Model

The formulation of the baseline constraint is based on the friction and inertia at the
centroid of each object. We derive the maximum static frictional force from the Coulomb
Friction Model: Ff � �sFn, where Ff and Fn are the frictional force and normal force exerted
by each contact surface on the other respectively, and �s is the static friction coefficient
measured experimentally. We compute the acceleration due to gravitational, Euler, Coriolis,
and centrifugal forces at each object’s centroid, using the Recursive Newton Euler (RNE)
method [36].

When an object maintains complete contact with the tray, it remains stationary relative
to the tray if the frictional force from the tray balances the inertial force tangential to the
tray surface. Otherwise, it slides. We thus constrain trajectories to keep the inertial force
along the tray surface below the maximum static frictional force. The constraint has the
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form:

m k�s (ai � fn(qi))k
�m kai � (ai � fn(qi)) fn(qi)k � 0; 8i 2 [0; H] ;

(2.1)

where m is the object mass, ai is the inertial acceleration at time step i, and fn(qi) is the
normal of the tray’s contact surface at robot configuration qi.

One-Shot Measurement of Static Friction Coefficient

To derive the static friction coefficient, we assume only gravitational, normal, and fric-
tional forces act on the object when the tray is stationary. An object begins to slide on
the tray inclined at angle � when the total force along the tray surface reaches equilibrium:
�s(mg cos �) � mg sin � = 0 ) �s = tan �, where m is the object mass and g is gravity.
Thus, we derive �s from the minimum � that induces object sliding. To measure �min, we
increment � by 0.01 radians until the object starts to slide. In experiments, we measure �s
for each material, and each measurement takes less than 1 minute.

2.5 Method
Real-robot experiments with the baseline constraint show significant object displacement,

indicating additional factors not characterized by the Coulomb friction model. Thus, we
investigate the causes of object sliding during fast non-prehensile transport and propose a
learning-based method to reduce object displacement.

2.5.1 Motion Characterization with Acoustic Sensing

We employ acoustic sensing with a passive piezoelectric microphone, known as a contact
microphone, as it offers a direct and robust approach to detecting object displacement on
a fast moving tray. When an object slides on the tray, it generates mechanical vibrations
that propagate through the material. A contact microphone captures these vibrations from
any point on the moving tray at a sampling frequency of 44.1 kHz, creating a high-fidelity
mapping between the physical event and the sensor output.

Experiments with a contact microphone attached to an empty tray show that tray vibra-
tions intensify with the increase of the robot end-effector velocity (Fig. 2.2), even with low-
jerk motions. These vibrations cause rapid fluctuations in the normal and tangential forces
at the contact surfaces, resulting in uncertainty in the frictional force that holds objects in
place. This suggests that factors contributing to object sliding that are not characterized by
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2.2. Visualization of raw acoustic signal. Raw contact-microphone signal collected
when a UR5e robot’s tray end effector accelerates at a maximum jerk of �4ms�3, with no
object on it. The overlay of acoustic signal amplitude and end-effector linear speed shows a
positive correlation between the tray’s vibration and speed.

the standard Coulomb friction model become more significant as the tray speeds up. Thus,
we propose learning a motion-aware friction model.

2.5.2 Constraint with Learned Friction Model

We use ~�, a dynamically conditioned friction coefficient, to take into account external
forces not characterized by the static friction coefficient �s, minimizing object sliding. The
updated friction model has the form: Ftmax = ~�Fn, where Fn is the normal force and Ftmax

is the maximum tangential force, both exerted on the object’s contact surfaces by the tray.
Here, ~� changes with the robot’s end-effector motion, but, at any moment in time, ~� is
constant anywhere on the tray.

As tray vibration increases with velocity, and is highly correlated to sliding (Sec. 2.5.1),
we train a dynamic parameter � for a specific robot to accommodate the vibrations inherent
in its mechanical design such that ~� = ��s. The constraint from Eq. 2.1 now has the form:

k�i�s (ai � fn (qi))k
� kai � (ai � fn(qi)) fn(qi)k � 0; 8i 2 [0; H] :

(2.2)

2.6 Model Training with Acoustic Sensing
We apply a trial-and-error strategy during data collection to identify the threshold fea-

tures when the object starts sliding. Similar to the GOMP-ST data-collection pipeline [8],
we use Ruckig [37] to plan a series of time-optimal straight-line horizontal motions for the
tray between 2 fixed points, with varying acceleration and jerk limits. The robot keeps the
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2.3. Synchronization of a fully preprocessed spectrogram with the planned
trajectory in Cartesian space. We focus on the first occurrence of sliding, and thus
mask out the part of spectrogram past the maximum velocity. The plot shows a trial with
a 0.5m straight-line horizontal end-effector trajectory with an acceleration limit of 2.5
ms�2 and a jerk limit of 10 ms�3. Here tsliding = 0:294 s, kaslidingk = 2:5 ms�2,
kvslidingk = 0:423 ms�1.

tray level throughout the motion, with both linear velocity and acceleration aligned with the
direction of movement. This alignment ensures consistent linear velocity and acceleration
across the tray, eliminating the need to reposition the object after each motion. We then
translate the motions into joint-space trajectories with an analytic inverse kinematics solver.
We execute each trajectory 5 times without the object and 5 times with the object on the
tray, recording contact microphone signals.

For data analysis, we use the Python audio package Librosa [38] and SciPy [39] to process
raw signals and the Noisereduce Python package [40] to extract signals representing the
dynamic interactions between the object and the tray. In this process, we treat signals from
trials with the object as the sound, and signals from trials without the object as the non-
stationary noise [41]. We then process the filtered signals into a binned spectrogram using the
method from Clarke et al. [20], with a time bin size matching the robot controller’s time step
and a frequency bin size of 100Hz. We identify the time tsliding when the signal first shows
a significantly greater magnitude and correlate it with the velocity vsliding and acceleration
asliding in the planned Cartesian-space trajectory at that specific time step (Fig. 2.3). These
pairs of vsliding and asliding are identified as threshold features of object sliding.

After data analysis, we further process asliding into �training with the assumption that
horizontal inertial force and gravitational force are the only forces exerted on the object
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during the straight-line horizontal motions:

m kaslidingk = m�training�s kgk ) �training =
kaslidingk
�s kgk

;

where g is the gravity, m is the object mass, and �s is the measured static friction coefficient.
We then train a function � = g(kvk) that computes the motion-aware friction coefficient,
where v is the tray’s linear velocity. Therefore, we formulate the complete constraint from
Eq. 2.2 as:



�sg(fkvk(qi; _qi; �qi)) [fa(qi; _qi; �qi) � fn(qi)]




� kfa(qi; _qi; �qi)� [fa(qi; _qi; �qi) � fn(qi)] fn(qi)k � 0;
8i 2 [0; H];

where �s is the measured static friction coefficient from Sec. 2.4.2, g : R! R is the learned
function that computes the dynamic constraint parameter � from the magnitude of linear
velocity, fkvk : X ! R computes the magnitude of linear velocity, and fa : X ! R3 computes
the linear inertial acceleration with RNE method [36]. fn : Rn ! R3 computes the normal
vector of the tray attached to a robot arm with n degrees of freedom, which is the same
anywhere on the tray. In implementation, we vectorize the constraint to compute for multiple
transported objects in parallel.

2.6.1 Experiments

We conduct real-world experiments on a UR5e robotic manipulator with a custom tray
as its end effector. We measure �s for each tested material, collect data and train dynamic
friction models using 2 different objects, and then generate trajectories to transport objects.

2.6.2 Model Training

During data collection, we use a round acrylic sheet with a 3D-printed PLA boundary as
the tray (Fig. 2.4a). This setup allows for automatic data collection without manual resets
as the boundary prevents objects from falling. We attach a AMUMU SBT-10 Trans-HD
Transducer at the center of the tray’s bottom surface (Fig. 2.4b) and use Lavalier USB
UL20 to amplify the signals and convert them to USB signals.

We conduct data collection with a 3D-printed PLA cube (Fig. 2.6a) and a small glass
container (Fig. 2.6c). We generate straight-line horizontal trajectories between the start
position (0:20; 0:60; 0:20) and the end position (�0:30; 0:60; 0:20) in meters relative to the
robot base frame, using Ruckig with acceleration limits in [1.0, 2.5]ms�2 and jerk limits in
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2.4. Hardware design.(a) Data collection setup. (b) Contact microphone attached under
the tray. (c) Model evaluation setup. We leave the protective film on the tray to prevent
the electrostatic friction caused by acrylic.
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2.5. Visualization of the models trained for dynamic constraint parameter �.

[1.0, 10.0]ms�3. We identify 85 unique pairs of kvslidingk and kaslidingk from the PLA cube and
70 unique pairs from the glass container. We augment the data by assuming kaslidingk= �skgk
when kvslidingk = 0 and perform linear interpolation to the minimum identified kvslidingk.
We then train an MLP model for � using the data from each object, consisting of 3 fully
connected layers with LeakyReLU activations and dropouts for regularization. Fig. 2.5 shows
the models that reduce � as velocity increases to compensate for the impact of forces under
stronger vibration, with the glass function being more conservative. We test each model
separately to evaluate the performance.
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2.6. Objects transported in experiments. (a) A 3D printed PLA cube: light objects
with a smooth contact surface. (b) Aluminum gussets: heavy objects with a smooth
contact surface. (c) Small glass containers: fragile objects. (d) EGAD! objects printed with
PLA: large, irregularly-shaped objects. (e) US quarter coins: small, thin objects. (f) A
large glass container: large, heavy, fragile objects. (g) A CD-R disc: large, thin objects. (h)
A sponge: lightweight, deformable, and porous objects with an uneven contact surface.

2.6.3 Model Evaluation

We use an acrylic sheet without boundary (Fig. 2.4c) during constraint evaluation ex-
periments, so the objects will fall if the constraint fails to keep them in place. We mount
a top-down camera above the tray’s target position to capture objects’ final positions after
each motion. We attach a sticker with 5�5mm2 grid patterns at the edge of the tray’s top
surface as a reference for real-word distance when computing object displacements using a
computer vision algorithm. We select 8 objects (Fig. 2.6) and conduct 12 sets of experiments
by varying object configurations (single vs. multiple) and contact surfaces (hard vs. soft for
Fig. 2.4h). Particularly, we choose objects with maximum grasp difficulty from the evaluation
set of EGAD![6] (Fig. 2.6d) to demonstrate the tray’s capability of handling irregular-shaped
objects. And we 3D print them with PLA to test whether complex geometries affect the
constraint performance when comparing with the PLA cube (Fig. 2.6a).

We first measure �s for each material and the positions of objects’ centroids when placed
on the tray (either a single object at the center or multiple objects evenly around the center),
then input these values into the optimizer to generate trajectories for each object. The opti-
mizer sets the start and end position at (0.75, 0.30, 0.20) and (0.15, 0.80, 0.20) respectively,
in meters relative to the robot base frame, and generates arced trajectories to move the tray.
In contrast to the short, straight-line trajectories used during data collection, these longer
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2.1. Mean object displacement [mm] after transport.

Cube
�1

Gusset
�1

Glass small
�1

EGAD!(a)

�1
Coin
�1

Glass big
�1

Gusset
�3

Coin
�4

Glass small
�4

Disc
�1

Sponge(a)

hard side
Sponge(a)

soft side
Material PLA Aluminum Glass PLA Cupronickel Glass Aluminum Cupronickel Glass Polycarbonate Polymer Foam
�s 0.21 0.18 0.17 0.21 0.21 0.17 0.18 0.21 0.17 0.30 0.21 0.25

Coulomb 18.3 15.9 15.3 18.9 14.7 8.2 16.7 18.3 13.2 15.1 21.2 13.6
Learned-PLA 8.1 6.1 2.8 9.8 7.6 2.6 9.0 12.4 3.1 5.3 13.7 9.9
Learned-Glass 2.7 1.5 1.4 3.1 1.9 1.7 4.6 1.8 1.5 1.4 2.9 1.7
AS-Coulomb 3.9 2.7 2.1 4.4 3.2 2.3 4.6 3.6 2.3 3.8 5.8 1.1
AS-No Constraints Fail Fail Fail Fail 35.2 -∗ Fail 26.5 Fail 21.2 38.5 15.6

Assumption violations: (a)uneven contact surface * Not tested for safety reasons.

2.2. Time [s] to transport objects.

Cube
�1

Gusset
�1

Glass small
�1

EGAD!
�1

Coin
�1

Glass big
�1

Gusset
�3

Coin
�4

Glass small
�4

Disc
�1

Sponge
hard side

Sponge
soft side

Coulomb 1.124 1.160 1.174 1.124 1.124 1.174 1.200 1.176 1.226 1.058 1.124 1.086
Learned-PLA 1.212 1.272 1.382 1.212 1.212 1.382 1.282 1.316 1.406 1.396 1.212 1.188
Learned-Glass, AS 1.406 1.500 1.516 1.406 1.406 1.516 1.526 1.500 1.525 1.372 1.406 1.376

arced trajectories test whether the constraint properly accounts for centrifugal and Coriolis
forces. They also enable the robot to achieve higher acceleration within the same jerk limits,
allowing us to evaluate the performance during faster transport. Additionally, maintaining
the same start and end height lets us observe whether constraints with the learned friciton
model allow the motion planner to optimize speed by tilting the tray [13].

For each object, we generate 1 time-optimized trajectory without constraints and 3 dis-
tinct constrained time-optimized trajectories: 1 with the standard Coulomb friction model
(Coulomb), 2 with the learned friction model, trained with the PLA data (Learned-PLA)
and the glass data (Learned-Glass) respectively. As the glass model is more conservative
and results in a slower motion that takes tglass seconds, we also generate 2 other trajectories
for ablation study to verify the model is not just learning to go slower: 1 without constraints
(AS-No Constraints) and 1 with the standard Coulomb friction constraint (AS-Coulomb),
for both we terminate time optimization at tglass seconds.

Experiments where objects fall off the tray are failure cases. On success, we measure
object displacements relative to the tray in millimeters, by analyzing the top-down photos of
the objects’ initial and final positions with Segment Anything (SAM) [42]. In experiments
involving multiple objects on the tray, the displacement of each trial is defined as the average
displacement of all centroids in that trial. For the 7 EGAD! objects, we transport each of
them once and compute the average displacement across the 7 trials. We transport each
remaining object 5 times and take the average displacement from these 5 trials.
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2.6.4 Results

Table 2.1 shows the average displacements in millimeters. Table 2.2 shows the duration
of each trajectory in seconds.

All time-optimized trajectories without constraints result in failures, so we do not record
them in the tables. Objects remain on the tray during transport with constraint using
the standard Coulomb friction model, suggesting that the baseline constraint reflects some,
but not all of the real-world effects. All objects transported with constraints using the
learned friction model show improved performance, with object displacement reduced by an
average of 53.9% and 86.0% with the PLA model and the more conservative glass model
respectively. In ablation study AS-No Constraints, 6 out of the 11 tested objects slide off
the tray, while the remaining exhibit significant displacement. Except for the 2 outliers,
AS-Coulomb trajectories perform worse in all cases, with displacements up to 2:7� those
from the learned constraint using the glass function. Among the 2 outliers, the gussets
exhibit the same displacements using both trajectories, and the sponge is considered an out-
of-distribution object due to its uneven contact surface: the hard side contacts only in the
center, while the soft side touches at the edges. The ablation study indicates that the learned
friction model captures phenomena beyond those accounted for by the standard Coulomb
friction model, rather than scaling the measured friction coefficient by a constant � < 1 to
reduce transport speed.

For the comparison of speed, the learned friction model increases the transport time by
an average of 12.6% and 27.0% using the PLA function and the glass function respectively.
This suggests an opportunity for practitioners to make a trade-off between speed and dis-
placement.

2.7 Conclusion and Future Work
We propose learning a dynamic friction model with acoustic sensing to account for fac-

tors not characterized by the standard Coulomb friction model, and integrating it into a
time-optimizing motion planner. We test on a UR5e robot with a tray as the end effector.
Experimental results suggest that the learned friction model reduces object displacements
after transport up to 86.0% compared to constraining motions with the standard Coulomb
friction model, making the proposed method practical in many real-world automation appli-
cations.

We consider 2 future directions for this chapter. First, the current tray design with
a contact microphone is less effective at capturing vibrations from lightweight objects like
a sponge. We will optimize the tray design and explore alternative piezoelectric sensors to
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improve sensing sensitivity. Second, we aim to extend friction modeling with acoustic sensing
to more complex tasks, such as dexterous manipulation using higher-DOF end effectors.
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Chapter 3

A-SLIP: Acoustic Sensing for Continuous
In-hand Slip Estimation

Reliable in-hand manipulation requires accurate real-time estimation of the slip between
a gripper and a grasped object. Existing tactile sensing approaches based on vision, capac-
itance, or force-torque measurements face fundamental trade-offs in form factor, durability,
and their ability to jointly estimate slip direction and magnitude. We present A-SLIP, a
multi-channel acoustic sensing system integrated into a parallel-jaw gripper for estimating
continuous slip in the grasp plane. The A-SLIP sensor consists of piezoelectric microphones
positioned behind a textured silicone contact pad to capture structured contact-induced
vibrations. The A-SLIP model processes synchronized multi-channel audio as log-mel spec-
trograms using a lightweight convolutional network, which jointly predicts the presence,
direction, and magnitude of the slip. Across experiments with robot- and externally-induced
slip conditions, the finetuned four-microphone configuration achieves a mean absolute di-
rectional error of 14.1 degrees, outperforms baselines by up to 12% in detection accuracy,
and reduces directional error by 32%. Compared with single-microphone configurations, the
multi-channel design reduces directional error by 64% and magnitude error by 68%, under-
scoring the importance of spatial acoustic sensing in resolving slip direction ambiguity. We
further evaluate A-SLIP in closed-loop reactive control, and find that it enables reliable and
low-cost real-time estimation of in-hand slip. Project videos and additional details are avail-
able at a-slip.github.io.

3.1 Introduction
Reliable in-hand manipulation requires a robot to maintain stable and controlled contact

with grasped objects throughout a task. A central challenge is real-time detection and
estimation of slip, defined as relative motion between the gripper fingers and the surface of
the object. When a slip goes unobserved or uncorrected, it can lead to dropping objects,
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3.1. Overview of A-SLIP: Piezoelectric microphones embedded behind textured silicone
contact pads capture structure-borne vibrations during slip. Multi-channel log-mel
spectrograms are processed by a convolutional network with channel and temporal
attention to jointly estimate slip presence, magnitude, and direction as vt 2 R2.

task failures, or unintended disturbances to the environment. Detecting slip is particularly
challenging because it is transient, directionally varying, and often occluded by the gripper.
Moreover, slip events frequently occur on timescales faster than a purely reactive control loop
can compensate without advanced sensing. As a result, reliable slip estimation is a critical
capability for robust in-hand manipulation and the deployment of robot manipulators in
unstructured real-world environments.

Researchers have approached in-hand slip sensing through various modalities. Wrist-
mounted force-torque sensors can detect the onset of slip through observing changes in the
measured wrench, but they provide ambiguous signals for slip direction and are sensitive to
external contact disturbances unrelated to the slip. Capacitive and resistive tactile sensor
arrays offer spatially resolved pressure measurements, and prior work has demonstrated their
ability to infer slip from shear and pressure redistribution patterns [43]. However, these
sensors are sensitive to wear, require complex fabrication, and degrade over repeated use
due to difficult-to-model soft sensor phenomena such as creep and hysteresis. Vision-based
tactile sensors such as GelSight [44] and DIGIT [45] embed cameras beneath a deformable
gel surface and can capture rich contact geometry with high spatial resolution. However,
vision-based tactile sensors commonly suffer from bulky form factors, low data-acquisition
rates, limited scalability and sensor coverage, and low durability under repeated contact due
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to a thin spectral coating, restricting their practical deployment.
A promising alternative is acoustic sensing. When a slip occurs at the gripper-object

interface, friction and surface asperities generate structure-borne vibrations that propagate
through the sensor body and can be captured by microphones embedded in the fingers.
Prior work has shown that acoustic signals carry information about contact events and sur-
face properties during manipulation [46–48], and that piezoelectric microphones can detect
the onset of slip [49] in the presence of robot operating noise. However, existing acoustic
approaches have largely been limited to binary slip detection and do not address the esti-
mation of slip direction or magnitude, which are necessary for closed-loop grasp correction.
Moreover, prior work has generally not explored multi-channel acoustic fusion or learning-
based approaches for continuous slip vector estimation.

In this chapter, we present Acoustic Sensing for Learning In-hand slip Parameters (A-
SLIP), an embedded acoustic sensing system for slip direction and magnitude estimation.
We design a low-profile gripper sensor consisting of a textured silicone contact surface with
embedded piezoelectric microphones. The textured silicone promotes structured vibrations
at the contact interface during slip, while the piezoelectric microphones provide broadband
sensitivity to structure-borne sound with minimal footprint. Compared to vision-based tac-
tile sensors, the A-SLIP design requires no optics, illumination, or cameras, resulting in a
sensor that is more compact, durable, and low cost. Building on this hardware, A-SLIP learns
to map synchronized multi-microphone spectrograms to a continuous planar slip vector that
jointly encodes slip event, direction, and magnitude within a unified prediction framework.

The contributions of this chapter are as follows:

• A-SLIP sensor, a low-profile and low-cost acoustic gripper sensor system based on
a textured silicone contact surface with embedded piezoelectric microphones that is
durable and suitable for real-world deployment across parallel-jaw gripper platforms.

• A-SLIP model, a slip prediction network that jointly estimates slip presence, mag-
nitude, and direction through a unified multi-objective formulation with a two-stage
pre-training and finetuning strategy.

• Experiments with A-SLIP on real-time estimation of in-hand slip and reactive closed-
loop control.

3.2 Related Work
Prior work explored three relevant directions: tactile sensing hardware, slip estimation

methods, and acoustic sensing as an emerging modality for contact-rich robotics.
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3.2.1 Tactile Sensing

Touch is a fundamental modality underlying human dexterity, and tactile sensing has
been extensively studied to endow robots with similar capabilities. Force-torque sensors
characterize touch by measuring contact forces and moments directly [50–53]; vision-based
tactile sensors infer touch from high-resolution surface deformation [45, 54–56]; capacitive
and magnetic-based sensors localize contact by measuring changes in electric or magnetic
fields induced by deformation or proximity [57–60]. Multimodal tactile sensors combine sens-
ing modalities to extract more comprehensive information from physical interactions [61, 62].
Prior works have demonstrated that tactile sensing improves manipulation performance in
various domains, such as object geometry recovery [63], object material property estima-
tion [64], and dexterous in-hand manipulation [65].

However, existing sensors often remain difficult to deploy in general-purpose manipula-
tion due to form factor, calibration complexity, and cost. In contrast, we propose acoustic
sensing, which characterizes contact through structure-borne mechanical vibrations gener-
ated by physical interaction. This tactile sensing modality is compact, low-cost, and capable
of delivering high-frequency, low-latency signals suitable for real-time control.

3.2.2 Slip Estimation

Slip estimation has been approached through sensing modalities with distinct trade-offs
in signal richness, latency, and deployability. Wrist-mounted force-torque sensors can de-
tect slip onset via abrupt changes in the measured wrench [66, 67], but provide limited
directional information and often conflate slip-induced loads with external contact distur-
bances [43]. Tactile sensor arrays enable spatially resolved estimation by tracking shear and
pressure redistribution across the contact patch [68], while vision-based tactile sensors such
as GelSight [44] and DIGIT [45] further extend this capability to high-resolution contact
geometry reconstruction. Learning-based methods, including convolutional and recurrent
architectures for slip classification from tactile sequences [69] and self-supervised approaches
that reduce labeling requirements [70], have improved prediction from raw tactile streams.
However, these approaches often rely on vision-based tactile sensors with thin compliant
gel surfaces and optical coatings that are susceptible to wear, hysteresis, and performance
degradation under repeated shear [45]. As a result, many datasets emphasize contact events
or controlled interactions rather than sustained slip.

Acoustic sensing offers a compelling alternative for slip estimation. Piezoelectric micro-
phones are rigid, wear-resistant, and can fit into smaller form factors, while slip-induced
vibrations propagate through the gripper on timescales faster than vision-based feedback
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can resolve [71]. Prior acoustic approaches have largely focused on binary slip detection [72]
or contact event recognition [73] and do not estimate slip direction or magnitude. A-SLIP
addresses these limitations through a multi-channel acoustic sensing pipeline and a learning-
based architecture for continuous planar slip vector estimation, enabling actionable feedback
for closed-loop manipulation.

3.2.3 Acoustic Sensing for Manipulation

Acoustic sensing in robotics can be categorized along two orthogonal dimensions. The
first is the propagation medium: airborne acoustics captures sounds transmitted through
air, typically corresponding to human-audible interaction cues such as pouring [74], whereas
structure-borne acoustics captures mechanical vibrations transmitted through rigid bodies
and often encodes contact phenomena that are imperceptible without instrumentation. The
second is the sensing mode: passive sensing listens to naturally occurring signals during inter-
action [47, 75], while active sensing emits a probing signal and analyzes the response [76, 77].
Prior work has leveraged acoustic sensing in manipulation both to learn task-relevant repre-
sentations, such as material properties or contact states, for downstream performance [73],
and as an auxiliary modality within end-to-end learning pipelines [19].

Slip events generate brief, contact-localized, high-frequency structure-borne vibrations
that encode both the presence and direction of relative motion at the contact interface.
A-SLIP leverages passive structure-borne acoustic sensing with piezoelectric microphones
embedded in the gripper and learns directional asymmetries in slip-induced vibrations to
estimate a continuous planar slip vector encoding both slip direction and magnitude.

3.3 Problem Formulation
The problem is to infer in-hand planar object slip presence, direction, and magnitude

from acoustic observations during grasped manipulation. Let Xn
t = fx1

t ;x
2
t ; :::;x

n
t g denote

synchronized audio measurements of n microphones embedded in the gripper at time t,
where xit 2 RT�F represents a short-time spectral representation over a temporal window of
duration T . These measurements provide indirect observations of vibrations at the gripper-
object interface.

We define the slip state at time t as a planar slip vector

vt = (vx; vz) 2 R2;

where the direction of vt encodes the instantaneous direction of slip in the gripper plane and
its magnitude kvtk corresponds to the intensity of slip. The no-slip condition is captured
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3.2. Design of the A-SLIP Sensor. (Left) Fabrication pipeline: silicone is cast in a
3D-printed mold to form a compliant contact pad, which is bonded to a rigid holder with
embedded piezoelectric microphones. (Center) Contact surface variants: smooth and
textured silicone pads; the textured surface introduces controlled asperities that produce
more directionally informative vibrations during slip. (Right) Evaluated microphone
placements: three two-microphone layouts (centered, corners, and same-finger) and a
four-microphone layout with two microphones per finger to increase contact-region
coverage.

naturally by vt = 0.
The goal is to learn a function

f� : Xn
t 7! vt;

parameterized by �. As Xn
t depends on the sensor design and microphone placement, we

also seek a sensor configuration to minimize slip-estimation error.

3.4 Methods
A-SLIP achieves state-of-the-art acoustic in-hand slip estimation through a unique recipe

of hardware design, network architecture, and dataset curation.

3.4.1 Hardware Design

We propose a low-profile acoustic gripper sensor design composed of two primary com-
ponents: a molded silicone contact pad and a rigid finger-mounted holder with embedded
piezoelectric microphones (Fig. 3.2).
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To promote conformal contact with grasped objects while remaining sufficiently stiff to
efficiently transmit structure-borne vibrations to the embedded microphone, we fabricate
the contact pad with a two-part platinum-cure liquid silicone rubber (Shore 30A). We mix
the silicone at a 1:1 volume ratio and cast it with a custom 3D-printed mold. After curing,
we demold the pad and bond it to the rigid holder with silicone adhesive to ensure strong
mechanical and acoustic coupling between the contact surface and sensor body.

Inspired by prior work on vibration-inducing surface textures for other tactile modal-
ities [78], we design two mold variants to produce either a contact face with imprinted
regular textures or a smooth contact surface (Fig. 3.2, center). In experiments the textured
pad shows a 62.90% reduction in directional MAE compared to the smooth pad, suggesting
that the textured surface introduces controlled asperities that modulate contact-induced vi-
brations and produce richer, more directionally informative acoustic signatures.

Each rigid finger-mounted holder houses one or more microphones positioned flush with
the holder’s top surface. After bonding the silicone pad with the holder, the microphones
sit directly beneath the pad, maximizing sensitivity to contact-induced structure-borne vi-
brations. In experiments (Sec. 3.5.1), we evaluate four microphone configurations (Fig. 3.2,
right) corresponding to different holder designs.

We mount the assembled sensor on both fingers of a parallel-jaw gripper, replacing the de-
fault contact surfaces. The rigid holders match the gripper finger mounting geometry, allow-
ing drop-in installation without structural modification. Microphone signals route through
thin-gauge wires along the finger body to an external data acquisition mixer that synchro-
nizes multi-channel audio captured at a fixed sampling rate. The resulting sensor adds
minimal bulk to the gripper profile and preserves workspace clearance.

3.4.2 Slip Prediction Model

Slip events manifest as brief broadband friction-induced vibrations at the contact inter-
face. To capture both the frequency content and temporal evolution of these vibrations, we
represent each microphone signal as a log-mel spectrogram computed over 200ms windows.
Each input sample is a tensor X 2 Rn�M�T , where the n channels correspond to the n
microphones, M is the number of mel-frequency bins, and T is the number of time frames.
Spectrograms are normalized using dataset-level mean and variance statistics to reduce sen-
sitivity to gain and contact variability.

A-SLIP’s slip prediction network is a convolutional architecture designed to preserve
fine-grained temporal cues critical for slip direction estimation. A learnable channel atten-
tion mechanism first fuses the multi-microphone streams: frequency-averaged spectrograms
are passed through a lightweight temporal convolutional gating network that predicts per-
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3.3. A-SLIP Model Architecture. Log-mel spectrograms from synchronized
microphones are normalized and fused via a learned channel attention module. The fused
representation passes through 2D convolutional layers preserving temporal resolution, then
1D temporal convolutions modeling slip dynamics. A temporal attention pooling module
aggregates features into a latent vector passed to three heads: a slip classification head
predicting p(slip) 2 [0; 1], a magnitude regression head predicting kvk, and a direction head
predicting v̂ 2 S1.

channel weights, allowing the model to emphasize microphone with stronger slip-related cues.
The fused representation is then processed by a stack of 2D convolutional layers interleaved
with batch normalization, ReLU activations, dropout, and frequency-only max pooling to
preserve temporal resolution. Subsequent 1D temporal convolution layers capture short-
term dynamics associated with slip onset and direction changes. Finally, a learned temporal
attention pooling mechanism aggregates features into a fixed-length latent vector, which is
passed to three prediction heads: a slip classification head outputting p(slip), a magnitude
regression head, and a direction head predicting a unit-normalized 2D vector as shown in
Fig. 3.3.

We train the network with a multi-objective loss that jointly supervises slip detection,
magnitude estimation, and direction estimation. Let v� = (v�x; v

�
z) 2 R2 denote the ground-

truth slip vector defined in the slip plane of the parallel jaw gripper and v̂ 2 R2 the predicted
vector. We supervise slip presence with a binary cross-entropy loss

Lslip = BCE (p(slip); 1 [kv�k > �]) ;

where � defines the slip magnitude threshold to label a sample as in slip.
We supervise slip magnitude with a Huber loss applied only on frames labeled as slip,

Lmag = Huber (kv̂k; kv�k) :

We supervise slip direction with a cosine similarity loss,
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3.4. A-SLIP System. We mount A-SLIP sensors on an XArm gripper attached to an
XArm7 robot. To obtain ground-truth in-hand slip, we use an OptiTrack Trio to track
poses of the left finger and the object, each with reflective markers attached.

Ldir = 1� d̂>d�;

where d̂ = v̂=kv̂k and d� = v�=kv�k are the predicted and ground-truth unit direction
vectors, respectively. To mitigate vanishing gradients when the predicted direction opposes
the ground truth, we additionally apply an auxiliary loss on the unnormalized direction
logits v̂. We further include a temporal smoothness regularizer that penalizes large angular
deviations between consecutive predicted directions,

Lsmooth = 1� d̂>t d�t�1;

and define the final training objective as a weighted sum of all components, L = �slip Lslip +

�mag Lmag + �dir Ldir + �smooth Lsmooth: In our experiments, we set �dir = 2:0 to prioritize
direction estimation, �slip = 1:0, �mag = 0:5, and �smooth = 0:1, treating the smoothness
term as a light regularizer.

3.4.3 Data Collection and Model Training

Learning slip direction and magnitude from audio can require both large amounts of
labeled data and accurate ground-truth supervision. Since collecting large-scale datasets
with precise slip labels during real manipulation needs specialized external tracking systems,
we adopt a two-stage data collection and training strategy that separates representation
learning from task-specific adaptation.
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We mount the parallel-jaw gripper equipped with the A-SLIP sensor on a robot arm and
use a motion capture system calibrated to the gripper’s grasp plane to precisely track the
in-plane motion of both the gripper and the object, allowing slip to be inferred from their
relative poses (Fig. 3.4). First, we collect an audio dataset of robot-induced slip by executing
randomized robot motions that sweep the gripper across a stationary calibrated 3D printed
probe (Fig. 3.5, “Robot-Induced Slip”). For this dataset, we compute slip direction and
magnitude labels directly from the recorded robot state. Second, we collect a small dataset of
externally-induced slip by manually perturbing five objects (four from the YCB dataset [79])
grasped by a stationary gripper (Fig. 3.5, “Externally-Induced Slip”). For each object, we
record 30-second trials while using a motion capture system to automatically obtain slip
direction and magnitude labels. We perform 30 trials with the robot on and stationary, 10
with the robot executing random motions, and 20 with the robot off.

We use the robot-induced slip dataset to pretrain the model to learn a general acoustic
representation of slip. We then finetune the pretrained model on the externally-induced slip
dataset to adapt to the target sensing scenario, where slip arises from external disturbances.
During finetuning, we freeze the audio encoder and optimize only the task-specific prediction
heads. This preserves the learned acoustic representation while enabling specialization for
slip detection, magnitude estimation, and direction prediction.

We train the model using the Adam optimizer with a learning rate of 10�3 and weight
decay of 10�4. To improve robustness across surface textures and contact conditions, we
apply SpecAugment-style time and frequency masking [80] as well as random gain augmen-
tation. To mitigate class imbalance, we subsample and reweight frames without slip. We
train the models for up to 1000 epochs, stopping early based on validation loss. Inference
treats predictions with p(slip) < 0:5 as a zero slip vector.

3.5 Evaluation
We evaluate A-SLIP against baselines and system ablations to isolate contributions of the

training regime, microphone number and placement, and spectrogram temporal window size.
Additionally, we evaluate robustness to robot operating noise, and system integration into
closed-loop reactive control tasks. All experiments use a parallel-jaw gripper with A-SLIP
sensors and objects tracked by an external motion capture system to provide the ground
truth.
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3.5. A-SLIP Dataset Distribution. (Top) Robot-induced slip data collected
automatically via randomized robot motions sweeping the gripper across a stationary
probe, with labels derived from robot states. (Bottom) Externally-induced slip data
collected by manually perturbing grasped objects, with labels from OptiTrack-tracked
rigid-body motion. Counts indicate the number of audio slices in the dataset.

3.5.1 Baselines

We compare against baselines from prior work and against several system ablations. Prior
studies on embedding low-profile microphones into end-effectors commonly use SVM regres-
sors [48] or single-microphone sensing for event detection [81]. In Table 3.1, we compare the
A-SLIP model against an SVM baseline and against single-microphone variants trained with
and without pretraining. A-SLIP model achieves the best overall performance, improving
detection accuracy by up to 12% and reducing directional MAE by up to 32% relative to
these baselines. Compared specifically to the single-microphone variants, the 4-microphone
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