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Abstract

Tactile sensing provides robots with direct access to physical interactions at
the contact interface, making it a critical modality for robust and dexter-
ous manipulation. Over the past several decades, tactile-based manipulation
research has evolved from mechanics-driven approaches, which explicitly in-
terpret tactile signals through contact mechanics and task-specific reasoning,
to data-driven approaches that learn tactile representations and manipu-
lation policies directly from data. This article reviews the development
of tactile-based manipulation from these two complementary perspectives.
We first introduce the fundamentals of tactile sensing and then review,
from a mechanics-driven perspective, how those signals form manipulation-
relevant state representations and subsequently influence the robot action.
We then examine the recent advances in data-driven tactile manipulation,
covering imitation learning, reinforcement learning, vision—language-action
models, and predictive models. Finally, we discuss open challenges and fu-
ture opportunities toward scalable, generalizable, and robust tactile-enabled
robotic systems.
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1. INTRODUCTION

Manipulation is the process by which a robot physically interacts with and changes the
state of objects in its environment. Because these interactions occur through contact, many
manipulation-relevant quantities—including contact state, force distribution, slip, and local object
geometry—can only be observed at the contact interface. Tactile sensing provides direct measure-
ments of these interactions and therefore plays a critical role in enabling robust and dexterous
manipulation.

Research on robotic tactile sensing and manipulation has existed for decades. A central
question throughout this history has been how tactile signals can be transformed into action-
able information for robot control. Early research largely approached this problem from a
mechanics-driven perspective, seeking explicit connections between tactile measurements, de-
scriptions of physical interactions, and manipulation actions. For example, tactile feedback
can be used to detect slip so as to secure a grasp, guide insertion and assembly based on
force feedback, or measure local geometry for contact alignment. Although different ap-
proaches have been proposed—including analytical models, handcrafted feature extraction,
and supervised learning techniques—the common principle is the use of explicit knowledge
about contact mechanics and task structure to interpret tactile signals and guide robot behav-
ior. In this review, we collectively refer to these approaches as mechanics-driven tactile-based
manipulation.

In recent years, the rapid progress of data-driven robot learning has profoundly reshaped
tactile-based manipulation research. In contrast to mechanics-driven approaches, these methods
typically do not require explicit modeling of intermediate physical quantities. Instead, they
learn task-relevant implicit representations and action policies directly from data, often through
imitation learning (IL), reinforcement learning (RL), or large-scale multimodal pretraining. This
trend emerged alongside the remarkable success of vision-based robot learning, where end-to-end
learning frameworks have demonstrated impressive performance across a wide range of manip-
ulation tasks. Consequently, a major research direction in tactile-based manipulation has become
the integration of tactile observations into learning architectures originally developed for vision.
This direction is particularly promising because vision and touch provide highly complementary
information: Vision captures global scene context and long-range spatial relationships, while
tactile sensing provides precise local measurements of contact and physical interaction. Recent
advances in sensor development, scalable robot learning, and multimodal foundation models have
further accelerated this trend, creating new opportunities for tactile-enabled manipulation while
also introducing new challenges.

In this review, we examine tactile-based manipulation from both mechanics-driven and
data-driven perspectives. We first discuss how tactile sensing captures the physics of contact
and how tactile signals can be transformed into manipulation-relevant information through
explicit reasoning. We then review recent advances in learning-based manipulation, includ-
ing IL, RL, vision-language-action (VLA) models, and predictive models that leverage tactile
observations as part of large-scale multimodal learning frameworks. By bringing together
these two perspectives, we aim to provide a unified understanding of how tactile information
contributes to robotic manipulation, identify the connections between classical and modern
approaches, and highlight the key challenges and opportunities that will shape the future of
tactile-enabled robotics. Owing to the breadth of the field, we emphasize representative works
that illustrate major ideas and trends rather than providing an exhaustive catalog of existing
research.

Xiang » Wang o Yuan



2. TACTILE SENSING FUNDAMENTALS
2.1. Tactile Sensors and Signals

The first step toward tactile-based manipulation is the tactile sensors. Tactile sensors measure
touch, in the form of either (#) single-point force/torque (F/T) sensing or (b) distributed sensing
that provides information across a fingertip or an area of skin. Commonly seen output signals from
tactile sensors include the following:

m Normal force, which is the component of contact force perpendicular to the sensor surface.
This is the most commonly measured tactile quantity.

m Shear force, which corresponds to tangential loads at the contact interface and plays a critical
role in grasping and in-hand manipulation. The capability to measure shear force is much
less common, but some modern tactile sensors, including magnetic (1, 2) and vision-based
designs (3, 4), can estimate local shear distributions.

m Torque, which is available for F/T sensors. For distributed tactile sensors, torque can be
inferred from the spatial distribution of forces.

m Contact geometry, which is typically achieved from the spatial distribution of the
deformation or measured normal force across the sensing surface.

m Vibration in tactile signals, which contains important information about contact dynamics
and is typically generated during sliding motions. In addition to extracting temporal features
of tactile signals, some tactile systems explicitly incorporate accelerometers or vibration
sensors to capture high-frequency signals.

m Auxiliary modalities, such as temperature and proximity. These are less commonly used in
robotic manipulation and are therefore outside the scope of this review.

Opver the past few decades, a large number of tactile sensors have been developed (5). They
vary in characteristics such as sensitivity, spatial resolution, force range, bandwidth, robustness,
and manufacturing complexity. One rough way to categorize the sensors is based on the number
of their measurement units:

m F/T sensors have only one measuring unit but can typically measure six- or three-axis forces
and torques. They are installed at the wrist or fingertip and can usually measure forces much
more precisely than other types of sensors.

m Array-based tactile sensors typically contain 4-100 sensing units to measure normal force
with a spatial resolution of several millimeters. A rough shape estimate is available, but not
precise shapes or textures.

m Vision-based tactile sensors use an embedded camera to capture raw images, so the spatial
resolution can be very high. The downside is their bulkiness. Some sensors in this category
are designed to measure the surface geometry of every image pixel (4, 6), while others track
the motion of the printed markers (3, 7), so their spatial resolution depends on the number
of markers.

One major challenge in tactile manipulation is the strong dependency on sensor hardware.
The quality and availability of tactile signals vary substantially across sensors, often requiring
sensor-specific denoising and preprocessing methods, as well as training data when using ma-
chine learning methods. As a result, algorithms and learning models developed for one sensor
frequently transfer poorly to another, and the performance of one manipulation system depends
greatly on the choice of sensors (an issue that we discuss further in Section 5.1). Throughout this
review, we therefore focus on reviewing manipulation methodologies based on how they are built
on tactile signals rather than individual sensors.
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To abstract out the implementation differences, it is useful to adopt a unified physical view of
tactile sensing. Tactile sensors consist of two components: a deformable contact medium, typi-
cally made of compliant materials such as elastomers or structures filled with air or liquid, and a
transducer that converts the deformation of the medium into measurable electrical signals. Trans-
duction mechanisms may be resistive, capacitive, magnetic, piezoelectric, or optical. Based on this
description, tactile sensing is fundamentally indirect: Rather than measuring contact itself, sensors
measure contact-induced deformation so as to infer information about the interaction. Conse-
quently, the differences among tactile sensors can be characterized by the design of the contact
medium and the choice of transduction mechanism.

2.2. Tactile Simulation and Closing Sim-to-Real Gaps

The growing adoption of data-driven manipulation methods has created a strong demand for tac-
tile sensor simulation. Modern learning-based approaches often require large amounts of training
data, while collecting tactile data using physical robots is costly and difficult to scale. Simulation,
therefore, provides an attractive alternative for generating large datasets and training manipula-
tion models in a safe and highly parallelized manner. It also provides a good platform for quickly
evaluating the design of robotic systems at low cost.

Accurately reproducing tactile sensor outputs while maintaining high simulation speed remains
a long-standing challenge. While existing technologies cannot perfectly reproduce real sensor
responses, improving simulation fidelity also comes at the cost of computational complexity. Since
simulation efficiency is also critical for large-scale data generation, practical tactile simulators must
balance accuracy and speed. Accordingly, current efforts in tactile simulation generally follow two
complementary directions: developing more accurate and efficient sensor models and designing
algorithms to mitigate the sim-to-real gap.

Unlike conventional robot simulation, tactile simulation must model both the contact mechan-
ics between objects and the sensor and the sensor transduction process that converts deformation
into measurable signals. Most robotic simulators employ simplified contact models that cannot
fully capture the fine-grained contact phenomena required for tactile sensing, while sensor noise,
calibration errors, and manufacturing variations further complicate accurate simulation. Existing
tactile simulators roughly range from physics-based methods (8-11) to data-driven (12-14) and
hybrid approaches (15, 16), each offering different trade-offs among fidelity, computational cost,
and adaptability to individual sensors. In some applications, particularly those that rely primar-
ily on geometric information, the sim-to-real gap can be sufficiently small to permit zero-shot
transfer or transfer with only minor calibration (17, 18). However, tasks involving force estima-
tion, frictional interactions, slip detection, or dynamic contact typically require substantially more
accurate modeling.

To mitigate the sim-to-real gap, one common strategy is to reduce the dimensionality of the
tactile representation. Rather than relying on high-resolution raw signals, many manipulation
models take the input of lower-dimensional contact features such as binary contact states, contact
locations, estimated contact geometry, or other task-specific abstractions (19-23). These represen-
tations are often easier to simulate consistently and therefore transfer more reliably to real systems.
However, this simplification may discard fine-grained tactile information that could otherwise
improve manipulation performance.

When higher-fidelity tactile representations are required, researchers have explored tech-
niques to explicitly bridge the domain gap. One approach is domain randomization, where
sensor parameters, contact properties, and measurement noise are randomized during training
to improve robustness to simulation errors (24-26). Another approach is domain adaptation,
which employs transfer learning techniques or generative models to align simulated and real
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tactile observations (27-31). Despite these advances, reliable sim-to-real transfer remains an open
challenge for tactile-based manipulation.

3. TACTILE-BASED MANIPULATION: A MECHANICS-DRIVEN
PERSPECTIVE

A classical paradigm in tactile-based manipulation is to explicitly model the role that tactile sensing
plays in the manipulation process. Under this view, tactile information is incorporated through a
pipeline of perception — action. The perception module transforms raw tactile measurements
into interpretable descriptions of the contact state that reveal task-relevant information. As a
result, it defines what aspects of the physical interaction become observable to the robot and
can therefore be exploited for manipulation. The action module then utilizes these perceptual
estimates to guide planning, decision-making, and control.

A defining characteristic of this perspective is the use of explicit and human-defined represen-
tations that connect tactile measurements to robot actions. Although researchers have employed
analytical models, handcrafted features, and supervised learning techniques, they share a common
philosophy: Tactile signals are first interpreted through explicit reasoning based on human prior
knowledge about contact and interaction before being used for manipulation.

3.1. Perception

A perception module takes the raw tactile signals (see Section 2.1) as input and outputs a percep-
tual descriptor that is sensor-agnostic and tied to some particular physical meaning. This general
perceptual descriptor, however, can reveal rich information about the state of the manipulation
process or the object’s properties when interpreted in context. Depending on the sensor choices
and system design preferences, the perception module can be a straight-in, straight-out function;
an analytical modeling process; or a machine learning model. We note that tactile perception more
broadly encompasses the general understanding of objects and environments. In this review, how-
ever, we restrict our focus to perceptual quantities that are directly relevant to manipulation. We
introduce the commonly used perceptual descriptors below.

3.1.1. Contact force/torque. Force and torque measurements are among the most fundamen-
tal outputs of tactile and haptic sensors (Section 2.1). Although they are low-dimensional, they
often provide rich information about the state of physical interaction. Force and torque values
may be obtained directly from F/T sensors or estimated from raw tactile observations. Impor-
tantly, these measurements can characterize both the direct contact between a robot and an object
and indirect interactions occurring elsewhere in the manipulation chain. As a result, force and
torque measurements have been widely used to infer task-relevant information and guide robot
actions. Examples include the following:

m Maintaining proper contact and grasp stability: Force feedback can be used to regulate
contact force, preventing object slip while avoiding excessive force (32). In some tasks,
controlling force also enables sliding motions along an object’s surface (33).

m Manipulating articulated objects: Articulated objects, such as doors, drawers, or mechanisms
with constrained motion, typically move most easily along specific directions. By monitor-
ing interaction forces, robots can identify directions associated with minimal resistance and
follow the underlying kinematic constraints of the object (34).

m Indicating that a task stage limit has been reached: When a robot reaches the end of a ma-
nipulation limit—say, after fully opening or closing a door, or after reaching the bottom of
a hole during peg-in-hole insertion—a large impedance force can be detected (35).
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m Inferring extrinsic contact states: Force measurements can reveal contact events between
the objects in the grip and the environment. This can be used to infer task-specific state in-
formation, such as whether a cable has been successfully routed around a pillar (36). A classic
example is peg-in-hole insertion, where interaction forces generated by contact between the
peg and the hole can indicate alignment errors (37). Note that in some cases, extrinsic con-
tact states are more precisely estimated from higher-dimensional tactile signals (discussed
further in Section 3.1.6).

m Performing tool-mediated manipulation: When a robot indirectly manipulates objects
through a tool, force and torque measurements provide important clues about the
manipulation state (38) and even the state of the objects being in contact (39).

m Handing over objects: During human-robot handover, characteristic changes in a measured
force often indicate that the receiving person has established a stable grasp. Robots can use
these cues to determine when it is safe to release the object (40).

Notably, in many cases, the precision of the force and torque measurements is not essential for
perception purposes. For example, for peg-in-hole insertion, even a very imprecise measurement
of the direction of the contact force and torque can successfully guide the robot to adjust the
motion to the correct directions (41).

3.1.2. Shape in contact. Contact geometry is among the basic outputs of many tactile sensors.
While a large body of geometry-based tactile perception research focuses on object or material
recognition, the role of shape measurement in manipulation is often about verifying whether the
correct object or object part has been grasped (42, 43) or estimating the contact location on the
objects when the objects’ shapes are known (17, 44). But more commonly, tactile shape measure-
ments are indirectly used for in-hand localization (details in Section 3.1.3) and to estimate the
pose of manipulated objects (details in Section 3.1.4).

3.1.3. Contact location. Based on tactile geometry measurements, a robot can estimate where
it is being touched—either the location of contact on its body or the position of a grasped object
within the gripper. For humanoid robots equipped with whole-body tactile skins, contact local-
ization, combined with force measurements, can help detect unexpected interactions and support
impedance control (45). For robotic grippers with fingertip sensors, contact localization can re-
veal undesirable grasp configurations, such as contacts near the finger edge, allowing the robot to
adjust the grasp to enlarge the safety margin (33).

3.1.4. Object pose. By matching measured contact geometry with a known object shape, a
robot can estimate the relative pose between the object and the gripper. Combined with robot
kinematics, this estimate can be further transformed to the object’s pose in the world frame. Tactile
pose estimation may target either the global pose of the object (44) or the pose of local geometric
features, such as edges and corners (46). Accurate pose estimation enables manipulation tasks such
as the following:

m Precise manipulation: Improved pose estimates support accurate object placement (47, 48),
and the tactile-based pose estimates can be used as a major reference for repositioning
objects in a hand (49-51).

m Edge following: The local orientation of edge features provides important guidance for
robots when they need to move along an edge (52) or along deformable objects such as
cables or cloth (33, 36, 42).

3.1.5. Slip. Slip refers to relative motion between an object and the robot at the contact inter-
face. During grasping, both translational and rotational slip are major causes of grasp failure. To
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prevent failure before it occurs, robots often seek to detect incipient slip, a transitional state in
which partial detachment occurs at the contact surface before global slip develops. Tactile sensing
is particularly well-suited for detecting slip and incipient slip.

From a mechanics perspective, slip can be predicted by comparing normal and tangential forces
according to Coulomb’s friction law (53). In practice, however, precise force measurements and
friction coefficients are often unavailable. Instead, researchers typically infer slip from vibration
signals (54-56), object micromotions (57), or local deformation and stretching of the contact sur-
face (58-61). In addition, learning-based methods have been developed to directly predict slip or
incipient slip from tactile observations (62-65).

In most manipulation tasks, slip serves as a warning signal of grasp instability, prompting the
robots to prevent it (see Section 3.2.2). However, some tasks intentionally exploit controlled slip,
such as sliding along an object’s surface to achieve stable contact transitions during manipulation
(33,49, 51).

3.1.6. Extrinsic contact state. Beyond perceiving contacts directly occurring at the sensor sur-
face, tactile sensing can be used to infer interactions between a grasped object and the external
environment. This capability enables robots to reason about contacts that occur away from the
sensing location, which is particularly useful in tool use and indirect manipulation tasks. We dis-
cussed simple examples based on force and torque measurements in Section 3.1.1; more generally,
robots may seek to estimate the location, force, or mode of external contacts from tactile obser-
vations. Mechanics-driven approaches typically combine tactile measurements with estimates of
object pose, geometry, robot kinematics, and contact mechanics to infer the external contact state
(66-68). While effective, these methods often rely on accurate object models and precise physical
reasoning, which can limit their scalability to diverse objects and tasks. To reduce this dependence
on explicit modeling, researchers have also explored learning-based approaches that directly infer
external contact states from tactile observations (69).

3.1.7. Object properties. Tactile sensing can be used to infer object properties that are impor-
tant for manipulation. Such information can help robots select appropriate manipulation strategies
and tune low-level controllers to precisely manipulate objects with unknown or challenging
properties (discussed further in Section 3.2.3).

Although tactile object perception is itself a broad research topic, several properties are par-
ticularly relevant to manipulation, including center of mass (70-72), hardness (73, 74), surface
roughness, friction, and material-specific properties such as liquid viscosity (75, 76). In some cases,
these properties are not explicitly estimated but are instead implicitly encoded in learned manip-
ulation policies (77, 78). Estimating such properties often requires interactive perception, where
the robot actively probes an object and interprets the resulting tactile responses. Consequently,
perception and action are often tightly coupled, with exploratory motions serving as an integral
part of the perception process.

3.2. Action

The action module takes in the perceptual descriptor from the perception module and outputs
actions executable by a robot. Depending on the task, the resulting actions may range from short-
horizon control commands to longer-horizon motion sequences. While the underlying control
and decision-making frameworks are often similar to those used in conventional robotic manip-
ulation, tactile feedback provides additional information about the ongoing physical interaction
and enables robots to react to contact events in real time. In this subsection, we review the most
common strategies for incorporating tactile perception into robot actions.
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3.2.1. Tactile-driven closed-loop control. For many contact-rich manipulation tasks, robots
must react to tactile feedback in real time. A common strategy is to incorporate tactile perceptual
descriptors into a closed-loop control framework, where the current contact state is represented by
tactile descriptors and compared with a desired state. The resulting error is then used to generate
corrective actions, enabling real-time regulation of contact interactions.

Li et al. (79) introduced a representative formulation of this idea. Using an array-based tactile
sensor, the authors represented the contact state using contact location, object orientation, and
normal force. Actions in the form of the robot’s joint motion command were generated to reduce
the error between the current and target tactile states, where inverse kinematics mapped desired
tactile changes onto end-effector motions. This tactile servoing framework enabled the robot to
maintain desired contact states and track object motion during interaction.

By appropriately defining the tactile state, reference state, and control algorithms, this
paradigm can be applied to a wide range of manipulation tasks based on different choices of tactile
descriptors, including the following:

m Obstacle avoidance (80) based on contact location (Section 3.1.3)

m Peg-in-hole insertion (37) based on contact force (Section 3.1.1)

m Edge and surface following, including cable manipulation (33, 36, 42, 52, 81), based on
contact location (Section 3.1.3)

m Manipulation of articulated objects (34) based on contact force (Section 3.1.1)

m Object reorientation within the gripper (49, 51) based on object pose (Section 3.1.4)

m Object rotation with multi-degree-of-freedom (multi-DOF) contact control (82) based on
contact force (Section 3.1.1) and contact location (Section 3.1.3)

The perception-to-action mapping can also be realized implicitly. For example, in RL, tactile
perceptual signals may be used to define reward functions. The learned RL policy is then opti-
mized to drive the robot motion toward desirable tactile states. For instance, Zheng et al. (83)
trained an RL-based policy for robotic page flipping using rewards derived from the similarity
between observed tactile signals and human expert demonstrations, eliminating the need for a
hand-designed tactile controller.

3.2.2. State transition based on tactile perception. Unlike closed-loop tactile control, where
actions are continuously adjusted according to tactile feedback, some manipulation tasks use tac-
tile perception to estimate the current manipulation state and trigger transitions to appropriate
actions. In this paradigm, tactile information serves as a decision variable that determines how the
robot should proceed in the task.

Grasp stabilization and regrasping are common examples. While tactile sensing is widely used
for detecting slip and grasp failure (Section 3.1.5), many systems employ the feedback to initi-
ate corrective actions. The most common strategy is to increase the gripping force when slip is
detected (32,49, 57, 65, 84-86). More sophisticated approaches adjust the grasp configuration it-
self. For example, when rotational slip or excessive torque indicates an unstable grasp, the robot
may reposition its contact location toward the object’s center of mass (87). Learning-based ap-
proaches have also been developed to predict improved grasp configurations directly from tactile
observations (88, 89).

A related application arises in long-horizon manipulation tasks that consist of multiple stages.
In such settings, tactile perception can be used to detect the completion of a subtask or identify the
current interaction state. The manipulation planner then transitions to the next stage, potentially
invoking a different motion trajectory, controller, or manipulation strategy (35, 36).
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3.2.3. Perception to update low-level control strategies. Many manipulation tasks involve
objects with unknown or challenging physical properties, where the effectiveness of a controller
depends strongly on properties such as mass, center of mass, friction, stiffness, or viscosity. In
these cases, tactile perception can be used to estimate object properties and subsequently adapt
controller parameters or control strategies. We discussed tactile-based property perception in
Section 3.1.7, the results of which can be inserted directly into this framework. However, in some
more challenging cases, the perceived information may be represented implicitly as a latent feature
that captures the aspects of object dynamics most relevant to control. Although these represen-
tations may not have a direct physical interpretation, they often encode information similar to
physical properties and serve the same purpose of informing controller design.

One example is the dynamic manipulation of objects with unknown weight distributions. In
Reference 77, a robot first performs exploratory actions to collect tactile observations and in-
fer a latent representation of a rod’s physical properties. This representation is then used to
select controller parameters for swinging the rod to a desired angle. Similar ideas have been ap-
plied to manipulating objects with challenging material properties. For example, Luo et al. (76)
and Huang et al. (78) used tactile exploration to estimate properties of non-Newtonian fluids
such as sauces and batter, allowing the robot to adjust control parameters for dispensing mo-
tion and achieve precise and consistent pouring behavior. Zhang et al. (90) inferred food material
with properties regarding softness or skin mechanics from contact vibration and F/T feedback,
then set the stroke-amplitude and downward-displacement parameters of a slicing primitive
accordingly.

3.3. Discussion

In this section, we reviewed the mechanics-driven perspective of tactile-based manipulation, or-
ganized through a perception — action framework. The performance of those methods varies and
depends heavily on the choice of sensor hardware, the application conditions, and the quality of
the algorithm design. Their main strengths lie in their interpretability, reliability, and efficiency:
Because the underlying contact representations and reasoning processes are explicitly modeled,
it is often possible to understand when and why a method would succeed or fail. Many of those
methods are based on analytical models or lightweight processing modules, so they can quickly
process tactile data to meet the requirements of low-latency feedback control. Some methods ex-
hibit strong generalization across objects and tasks when the underlying assumptions about contact
interactions remain valid. However, their performance can degrade when contact interactions be-
come highly complex or difficult to model, especially in real-world settings. These limitations
have partially motivated the growing interest in data-driven methods.

The reviewed works also demonstrated fundamental properties of tactile sensing. First, tactile
sensing provides local and precise measurements of contact, making it particularly effective for
monitoring manipulation state and supporting high-frequency feedback control. Second, tactile
perception is inherently active and interactive. Unlike passive sensing modalities such as vision,
tactile information is acquired through physical interaction and often evolves as the robot acts
on the environment. As a result, perception and action are frequently coupled, with exploratory
motions serving not only manipulation objectives but also perception objectives.

Finally, effective manipulation often requires the integration of multiple sensing modalities.
Vision and touch provide highly complementary information. In mechanics-driven methods,
these modalities are typically integrated through explicitly designed representations and reason-
ing pipelines. As we discuss in the next section, recent data-driven approaches increasingly seek
to learn such multimodal representations directly from data.
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4. TACTILE-BASED MANIPULATION: A DATA-DRIVEN PERSPECTIVE

Data-driven methods learn policies—functions that map observations directly to actions—from
data. Thisis in contrast to mechanics-driven approaches, where the perception-to-action process is
explicitly modeled. Driven by advances in robot learning, computational resources, and large-scale
data collection, this paradigm has achieved remarkable success in vision-based manipulation and
has been increasingly adopted in tactile manipulation. Beyond applying existing learning frame-
works to tactile inputs, recent research has focused on integrating vision and touch to improve
performance in contact-rich tasks. In this section, we review major data-driven paradigms for tac-
tile manipulation, including IL, RL, VLA systems, and predictive models, with a focus on how
tactile information is utilized within these frameworks.

4.1. Tactile-Augmented Imitation Learning

IL, a supervised learning approach in which the policy learns to imitate the actions an expert
demonstrator performed in similar observed situations, has emerged as a promising direction for
learning visuomotor control. Popularized by methods like Diffusion Policy (91) that generate a
sequence of future actions conditioned on current observations, IL has demonstrated remark-
able results in a wide range of traditionally challenging tasks. These methods have so far been
vision-dominant, and integrating tactile sensing into them has become an active research direc-
tion. With tactile-inclusive demonstration data collected with teleoperation or handheld devices,
tactile-augmented IL has been shown to handle diverse contact-rich tasks, ranging from industrial
assembly to everyday manipulation.

A central question in tactile-augmented IL is how tactile signals should be encoded and fused
with existing modalities such as vision and proprioception. It has been widely reported across
the literature that naive integration strategies—such as applying vision encoders and their pre-
trained weights on tactile images, or simply treating tactile signals as additional observation inputs
to the policy—often do not improve policy performance (92-98). In response, researchers have
developed many novel integration strategies, which we organize and discuss below.

4.1.1. Novel tactile representations. A representation is a learned or designed encoding
that maps raw, high-dimensional sensory inputs into a compact feature space that captures its
task-relevant structure. Suitable representations can greatly improve the effectiveness of down-
stream policy learning (99). Developing novel tactile representations is especially active for
high-dimensional tactile signals that are often treated as images, such as those from tactile ar-
rays and vision-based tactile sensors. A few visual-tactile policy learning methods have shown
that careful preprocessing of tactile signals, such as constructing visual—tactile point clouds (100,
101) and extracting dense force maps from GelSight Mini images (102), allows standard vision
encoders to be applied effectively to tactile signals. A larger body of work has learned dedicated
tactile encoder weights through a pretraining stage that precedes policy learning. Objectives used
for pretraining include visual-tactile feature alignment (103, 104), future tactile signal prediction
(105), masked autoencoding (95, 106, 107), and other self-supervised approaches (108-112). While
low-dimensional F/T signals are often encoded with simpler neural networks without pretrain-
ing, applying standard vision encoders to 2D spectrogram images converted from F/T signals
has proven to be more effective in some cases (113), and self-supervised pretraining yields better
results for tactile skin F/T readings distributed across a dexterous hand (106).

4.1.2. Refining vision-generated trajectories with reactive tactile policies. Modern IL
methods often predict and execute a sequence of future actions, often called an action chunk,
in a single inference step (91, 114). This improves the temporal consistency of generated actions,
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with the cost that the robot operates in an open-loop manner within each action chunk, unable
to react to events that occur before the next prediction. This differs from how humans use touch
for contact-rich manipulation, where fast tactile feedback drives rapid responses to contact events
such as making and breaking contact, slip, and sudden changes in force (115). Inspired by human
behaviors, a growing body of work has paired a vision-dominant policy that runs at the standard
vision policy rate with a second, tactile-driven policy that runs at a higher frequency to make
reactive adjustments between chunk predictions (93, 112, 116).

A structural limitation of this hierarchical design is that the fast tactile policy’s high-frequency
requirement constrains how complex its inputs and architecture can be. In practice, the fast
policies operate with low-dimensional tactile signals such as F/T readings (93, 116) or tactile
marker displacements (93, 112), rather than the high-resolution tactile imagery that many of the
representation learning methods discussed in Section 4.1.1 were designed to exploit.

4.1.3. Adapting policy output for force-based control. Aside from methods that incorpo-
rate tactile sensing into the policy’s input, another line of work extends the policy’s output. While
recent IL methods adopt position-based control and predict a six-DOF pose (91) or joint-angle
targets (114), force-based control has long been the standard approach in classical robotics for
handling contact-rich manipulation. By expanding the action space to include force targets along-
side position targets, predicted actions can be executed through classical force-based controllers
such as impedance and admittance control, allowing learned policies to inherit a mature body of
control techniques rather than reinventing them (117). With an F/T sensor at the robot wrist,
the policy can be trained to predict force-informed virtual position targets (113, 118-120) or to
predict force targets directly alongside position targets (92, 116, 121). Similarly, when the grip-
per fingers are equipped with fingertip tactile sensors, the policy can be trained to predict target
grasping force alongside target finger width to enable precise grasp control (102, 119).

Less settled is the trade-off between compliant behaviors and how accurately a robot can fol-
low the given position targets. Some works have selected a fixed set of compliant controller gains
suitable to solve all chosen tasks (116, 118), while others have found it necessary to have a dif-
ferent set of preset gains for each task (120, 121). It is also common to apply compliant control
when the robot is in contact with the environment and high-accuracy position control otherwise,
conditioned on a manually set force threshold to determine whether contact is happening (92, 97,
102, 113).

4.1.4. Additional approaches. Beyond the three patterns above, several other integration
mechanisms have emerged. Drawing from the empirical observation that naive concatenation
causes policies to ignore tactile feedback, one line of work manipulates the training process to
force greater tactile reliance, randomly masking vision inputs throughout training (94) or blur-
ring vision inputs at the early stages of training (96). Recognizing that tactile signals become
more informative after contact happens, another line of work has found it beneficial to dynami-
cally weight vision and tactile features based on the predicted likelihood of contact (97, 112). A
related work has explored policy composition rather than feature fusion, dynamically combining
the score functions of separate vision and tactile experts (98). A more recent direction uses tactile
signals to steer a vision-only base policy at inference time (122).

4.1.5. Discussion. Tactile-augmented IL methods have brought performance improvements to
vision-only policies along several dimensions: appropriate force regulation (92-94, 97, 113, 122),
reliable in-hand state estimation (98, 100, 105, 122), robustness to visual occlusion (95, 98, 108),
detection of contact events and transitions (95, 102, 122), and generalization to unseen objects
(96, 104, 108, 119). However, these gains are uneven across sensor types and integration strategies,
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motivating the discussion on tactile sensor heterogeneity in Section 5.1 and the open question of
the functional roles of different tactile signal types in IL.

The available evidence suggests that while the gains in force regulation and contact event de-
tection are largely sensor-agnostic (92-95, 97, 102, 113, 122), in-hand state estimation and visual
occlusion robustness tend to benefit from the geometric details available from high-resolution
tactile sensors (95, 98, 100, 105, 108, 122). However, it has also been reported that tactile reso-
lution gains can saturate (100). These observations call for a more principled understanding of
when richer tactile signals yield meaningful policy gains and when simpler sensing suffices.

4.2. Tactile-Augmented Reinforcement Learning

RL is a framework in which the robot learns a policy through trial-and-error interaction with
its environment, optimizing its actions based on a reward signal that defines task success. For
contact-rich manipulation, RL is well-suited to learning policies that react to high-frequency tac-
tile signals and removes the need for hand-engineered contact strategies. The combination of
tactile sensing and RL has a long history in the field (123, 124), with tactile signals most frequently
entering the RL pipeline as part of the policy’s observations. This trial-and-error paradigm comes
at a cost, however, as shaping an effective policy typically requires a large amount of interaction
data. We discuss below how this challenge manifests for tactile-driven manipulation and how the
field is addressing it, followed by a discussion of combining RL with IL—a growing direction in
manipulation research—for tactile-driven manipulation.

4.2.1. Real-world reinforcement learning. Training RL policies directly in the real world al-
lows robots to acquire manipulation skills from the distribution of interactions they will encounter
at deployment. This is appealing for tactile-based manipulation since obtaining accurate contact
and rich tactile signals in simulation can be costly. Real-world tactile RL has been demonstrated
both on tasks that require reacting to subtle changes in contact state, such as peg-in-hole inser-
tion (125, 126) and typing on a braille keyboard (127), and on tasks under challenging dynamic
conditions, such as overhand throwing of deformable darts (128). Data efficiency is critical in this
setting for several reasons: Running episodes on real hardware is slow, automatic resets between
episodes require careful engineering (125, 128), and tactile sensors are fragile and degrade under
repeated contact. Choosing compact and task-appropriate tactile representations, such as marker
flows extracted from the raw images of vision-based tactile sensors (125, 127, 128) or pretrained
multimodal representations that fuse vision and F/T signals (126), has proven to be an effective
strategy. Appropriate RL design choices can also improve data efficiency for real-world tactile RL,
including curriculum learning (125), stage-based dense rewards (126), and hindsight experience
replay for sparse-reward settings (127). However, current real-world tactile RL is confined largely
to small action spaces, such as reduced end-effector degrees of freedom, limiting the range of tasks
for which the approach is currently viable.

4.2.2. Sim-to-real reinforcement learning. As simulation becomes faster and more physically
accurate, a growing body of work is first training RL policies in simulation before deploying them
on real hardware, bypassing the constraints of real-world RL. Simulation also provides access to
privileged information difficult to obtain in the real world, such as ground truth object pose and
dynamics, enabling data-efficient methods such as asymmetric actor—critic and teacher-student
distillation.

One line of work that has benefited the most from sim-to-real RL is dexterous in-hand manip-
ulation, which often takes the form of rotating or translating objects in the robot hand through
finger movements. OpenAl’s pivotal work (129) demonstrated the viability of sim-to-real RL for
in-hand object reorientation, with real-world state estimation provided by a multicamera setup.
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Adding tactile sensing to the system helps reduce such reliance on cameras (50). Subsequent
works have demonstrated blind in-hand object rotation and translation (20, 23, 130), simultaneous
in-hand object rotation and 3D shape reconstruction (19), and rotation under arbitrary palm ori-
entations (22). These methods often choose to bypass complicated sim-to-real procedures for raw
tactile signals by extracting simplified tactile features, such as binary contact (20, 23, 130) and
discretized contact location (19). Even at reduced fidelity, including touch consistently improves
generalization to unseen objects (19, 20, 23).

In contrast, a growing body of recent work has simulated and leveraged richer and sometimes
raw tactile sensor signals, including contact force (26), marker displacements (10, 25, 131), and raw
tactile images (10, 27, 131). Using advanced simulation and sim-to-real techniques described in
Section 2.2, these works have demonstrated successful zero-shot transfer of various types of inser-
tion and nonprehensile tasks. So far, such results have been demonstrated primarily on parallel-jaw
grippers and similar systems.

4.2.3. Combining reinforcement learning and imitation learning for tactile-driven ma-
nipulation. RL and IL have complementary strengths: RL can discover suitable strategies but
suffers from sample inefficiency and costly real-world training, while IL leverages demonstra-
tions but struggles with hard-to-demonstrate behaviors. Combining them has thus become an
active research area in robotic manipulation (132).

Recent works have shown that a residual policy can be learned through real-world RL with
dense rewards to provide small corrections to the base tactile-augmented IL policy, improving
overall policy performance (133, 134). Leveraging recent advances in tactile simulation (10) and
simulation-friendly sensors (135), VI-Refine (101) demonstrates that tactile-augmented diffusion
policies trained on real-world data (100) can be fine-tuned directly in simulation using only a bi-
nary task-success reward. The fine-tuned policies transfer zero-shot to the real world and exhibit
emergent tactile behaviors absent from the demonstrations, significantly outperforming the base
policy on various bimanual assembly tasks. Another recent work has proposed an IL system aug-
mented with RL-learned tactile primitives such as dexterous in-hand rotation and stable grasping
(136). By delegating these complex low-level tactile skills to RL, the IL policy can focus on high-
level planning, yielding significantly better results than end-to-end IL pipelines that attempt to
learn such skills from scratch.

For tactile-driven manipulation, hybrid RL + IL approaches remain a much smaller body of
work than stand-alone tactile RL or IL methods. This likely reflects that tactile RL + IL inherits
many bottlenecks from tactile RL: Real-world RL can degrade tactile sensors quickly, and sim-
to-real transfer remains a delicate and complicated procedure for many tactile sensor types.

4.2.4. Discussion. The three threads discussed above highlight one of the central challenges
of tactile-augmented RL: the cost of data. Much of the progress in tactile-augmented RL can be
viewed as attempts to improve the efficiency of acquiring, generating, and leveraging such data.
Beyond these efforts, however, we believe another fundamental question remains largely unex-
plored: Choosing tactile signals and representations for RL involves fundamental task-dependent
trade-offs among signal richness, data efficiency, and simulatability.

Several considerations push toward compact, low-dimensional tactile features: They improve
data efficiency for RL training and reduce sim-to-real gaps. Although simulation for complex
tactile signals is maturing rapidly, whether richer signals actually yield meaningful RL gains re-
mains an open question. Dexterous in-hand manipulation works have demonstrated impressive
results with sparse or binary tactile signals, and the evidence on whether additional signal rich-
ness improves performance is mixed (137). Some report that binary or low-dimensional contact
signals are sufficient or even competitive with denser feedback (19, 20, 130), while others find that
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dense-featured touch yields concrete gains for specific tasks, particularly when subtle contact in-
formation is needed to detect events such as incipient slip (22). Taken together, these discrepancies
suggest that the benefit of richer tactile feedback is task-dependent rather than universal. The
resulting trade-offs among signal richness, data efficiency, and simulatability motivate further
research into mapping task demands to suitable tactile features.

4.3. Tactile-Augmented Vision-Language-Action Models

Sections 4.1 and 4.2 discussed learning paradigms that are typically trained from scratch on human
demonstration or robot exploration data. Although these methods are applicable to a wide range
of tasks, they require training a specific policy for each task. To reduce this burden, the broader
robotic manipulation community has begun exploring a different paradigm: VLA models (138).
Trained with supervised objectives similar to those in Section 4.1 but on larger-scale multitask
demonstration data, VLAs are built by equipping a pretrained vision-language model (VLM),
often called a backbone, to output robot actions from visual observations and natural language
task specifications. This mapping is often handled by a dedicated action expert, which is a separate
network that decodes the backbone’s representations into robot control commands. Inheriting
the rich representations and commonsense knowledge from the backbone pretrained on internet-
scale data, VLAs are designed with the ultimate goal of generalizing across different tasks, objects,
embodiments, environments, and language instructions through a single set of policy weights,
with recent systems making encouraging progress in this direction (139).

The improvements tactile sensing brings to vision-only IL policies (Section 4.1) motivate anal-
ogous efforts in the VLA setting. However, this paradigm shift sets up new challenges for tactile
sensing integration. In a policy trained from scratch, the policy’s internal representations for both
vision and touch are mostly shaped end-to-end by the task-specific datasets available. In a VLA, by
contrast, the powerful backbone arrives with semantic priors learned from internet-scale image—
text data with little notion of tactile or contact-level information. The architectural question is
no longer how to fuse tactile information with vision in a jointly trained policy, but where and
how to engineer the tactile modality into a representation space that was trained without it. In
contrast to Section 4.1, where high-resolution tactile imagery paired with representation learn-
ing has proven highly effective and remains a dominant approach, many tactile-augmented VLA
methods opt to work with low-dimensional signals—such as F/T and pressure-array readings—
encoded through linear projections or shallow multilayer perceptrons. Below, we further discuss
the two major strategies for integrating tactile sensing into VLA pipelines.

4.3.1. The tactile modality as a coequal input modality in the backbone. One line of work
treats the tactile modality equally to the pretrained backbone’s native input modalities—vision
and language—and adapts the backbone to accommodate them. Therefore, the technical ques-
tion becomes how to reshape the backbone’s representation space without degrading its pretrained
knowledge. One approach is adding a multimodal contrastive learning structure to the VLA train-
ing pipeline to maximize the mutual information shared between vision, language, and touch (140,
141). Another is to directly use noncausal attention masks in the VLM backbone, allowing tactile
input to fuse with other modalities, either at all times (142) or only during contact (143). This
method shapes a deeply integrated representation space. Tactile-VLA (142) observes that the pre-
trained VLM’s prior knowledge already includes a semantic understanding of physical interaction
and that connecting it to tactile signals via multimodal demonstrations is sufficient to unlock this
understanding for downstream robot control.

4.3.2. The tactile modality as add-on modules to the backbone. In contrast, other works
have taken the perspective that the pretrained VLM backbone’s representation space is not only
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valuable but also fragile under fine-tuning. Therefore, their design commitment is to separate the
tactile stream from those of vision and language, preventing it from disrupting the backbone’s
pretrained representation space. Directly contrasting the multimodal fusion-friendly attention
mask design mentioned in Section 4.3.1, FD-VLA (144) designs directional attention masks in
the VLM to limit fusion between tactile and VLM-native modalities. TA-VLA (145) provides
a systematic exploration of where and how to introduce torque signals into a VLA, empirically
finding that integrating torque into the VLA’ action expert rather than its VLM backbone yields
the strongest results. Similar to the concept described in Section 4.1.2, T-Rex (146) and AT-VLA
(147) achieve rapid closed-loop reactions by injecting high-frequency tactile streams into the base
VLA’ action expert through cascaded flow matching and contact-gated adaptive cross-attention.
Another method of tactile integration uses mixture-of-experts (148) either to fuse tactile features
with the output of the backbone in order to form the input to the action expert (149, 150) or to
compute residual corrections for the VLA’ raw action predictions (136). Building on the intu-
ition that tactile perception contributes to manipulation on both the planning and control level,
VLA-Touch (151) uses a tactile-language model (152) to help the VLM planner generate object
property—informed instructions for a vision-only VLA and uses a tactile-based interpolant con-
troller to refine the raw actions predicted by the VLA. The recent work FTP-1 (153) introduces
a dedicated tactile expert parallel to the VLM and the action expert and pretrains it on approx-
imately 3,000 hours of data across 21 types of heterogeneous tactile sensors, offering a reusable
initialization for downstream tactile policy training.

4.3.3. Discussion. Tactile sensing has improved the performance of vision-only VLA policies
across diverse contact-rich tasks similar to those in Section 4.1. Although the two integration
strategies discussed above make opposite architectural commitments, they share the following
broader pattern when viewed across all works: Existing tactile-augmented VLAs establish archi-
tectural feasibility, but substantial opportunities remain for realizing the VLA paradigm’s core
promise of generalization.

While a few works have shown that their tactile-augmented VLAs generalize across various
novel objects (149) and language instructions (140, 142), most train one policy per task and
evaluate it in the same narrow setting as the trained-from-scratch IL policies in Section 4.1,
with weak emphasis on generalization. More systematic evaluations in genuinely multitask,
language-conditioned, and novel-object settings would demonstrate the distinctive promises of
the tactile-augmented VLA paradigm itself.

4.4. Tactile Predictive Models for Manipulation

A predictive model for manipulation takes the current state and a candidate action as input and
outputs the predicted future state. Such models support a predict-then-control paradigm: Can-
didate actions are evaluated through their predicted outcomes, and the action most aligned with
the task objective is selected. This idea underlies classical model predictive control (MPC), which
optimizes a finite-horizon action sequence against a dynamics model (154, 155). World models,
a prominent paradigm emerging more broadly in robot learning, build on the same predict-
then-control idea while reworking how the predictive model and its representations are built.
Specifically, we distinguish two cases: A dynamics model typically predicts transitions over a com-
pact, task-specific state and is coupled to an external optimizer such as MPC, whereas a world
model extends the prediction target to high-dimensional observations or latent encodings learned
by pretrained encoders. In both cases, action-conditioned prediction is what makes the model use-
tul for control. These predictive models matter most in contact-rich tasks where success depends
on how contact evolves—slip, force change, making or breaking contact—rather than on what the
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camera sees. Since that decisive future is local to the contact interface and often occluded, pre-
dicting it from touch is what informs control. Consistent with this section’s data-driven focus, the
predictive models we cover are learned from interaction data rather than derived from analytical
contact mechanics. We use tactile predictive models as an umbrella term for this learned lineage,
treating recent tactile world models as a scaling of predict-then-control to tactile or visual-tactile
latents rather than a new paradigm.

4.4.1. Predictive control with tactile dynamics models. Because contact is local and its me-
chanics are comparatively well-understood, touch was a natural target for forward modeling. Initial
efforts on tactile prediction models were developed largely as task-specific predictive-control
pipelines rather than as general-purpose world models. Tian et al. (156) trained an action-
conditioned model that forecasts future GelSight tactile images of a small object under candidate
finger movement. They then embedded this predictor into sampling-based MPC to servo objects
such as a ball, an analog stick, and a die toward a goal position specified directly as a raw tactile im-
age. Sutanto et al. (157) followed a similar servoing paradigm but represented tactile observations
in a learned latent space rather than using raw tactile signals directly. LeTac-MPC (158) takes a
different route by embedding a differentiable MPC layer over a learned tactile representation and
training the controller end-to-end for reactive grasping. This enables stable grasping of objects
with varying physical properties under external disturbance. These predictive models are trained
with interaction data on the same embodiment, following either an automatic exploration pattern
or a human-defined trajectory. Together, these works established the appeal that the rest of this
subsection inherits: Contact is structured enough to model forward and informative enough for
closed-loop correction.

4.4.2. Tactile world models for control. World models are now a leading approach in vision-
based control, where learning to predict how observations evolve under action has driven strong
results on robotic manipulation (159, 160). The visual-tactile world models below build on that
success, extending visual world models to settings where contact carries the decisive signal. The
works differ mainly in how the prediction is turned into an action: optimized over by an external
planner, or consumed by a learned policy.

One line of work hands the forecast to an external action planner. RoboPack (161) learns a
tactile-informed dynamics model that predicts future object states, using touch to infer latent
physical properties that vision alone cannot reveal, and plans action with MPC. VI-WM (162)
carries the same scheme into pretrained latents for both modalities, then plans by sampling ac-
tion sequences and rolling them through the predicted latents. A second line uses forecasts more
directly inside the policy. OmniVTA (112) forecasts future vision and touch and feeds the tactile
forecast to a 60-Hz reflexive controller that corrects deviations between predicted and observed
contact. By contrast, ViTacFormer (163) and DreamTacVLA (164) predict only the future tactile
signal and condition action generation on that forecast. Recent works such as Dream-Tac (165)
attempt to harness the power of large pretrained video prediction models by fine-tuning them to
predict future tactile readings and robot actions alongside robot camera views.

So far, these methods work best on short-horizon, contact-reactive tasks where the decisive
signal is immediately available, such as pushing (161, 162), wiping (112, 162), and stacking (162),
or correcting an action as soon as observed contact departs from the prediction (112, 164).
The longer-horizon prediction that originally motivated vision world models has not been
demonstrated for touch, and whether it suits touch’s inherently local nature is itself unclear.

4.4.3. Tactile prediction as an auxiliary training objective. A different strategy uses tactile
prediction only during training. An auxiliary loss that forecasts future tactile signals or contact
is added to the policy-learning objective in the hope that the policy learns a more contact-aware
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representation. At deployment, the policy acts on current observations alone. This method applies
to policies that are trained in different ways, including IL (105, 166), RL (126, 137), and VLA (141,
145) policies, consistently reporting that the auxiliary tactile prediction objective improves policy
performance on contact-rich tasks over a no-prediction baseline, at no added inference cost.

4.4.4. Discussion. While predict-then-control is a long-standing idea, its tactile and visual—
tactile world-model instantiation is recent, and the optimal design choices are yet to be explored.
Rather than offering firm conclusions, we close by raising two open issues that we view as crucial
to advancing this direction.

First, a tactile world model should be more than a high-fidelity signal predictor. Many tactile
predictive methods (112,156, 163) apply pixel- or token-level similarity metrics between predicted
and ground truth frames, which are inherited from the vision modality. But these methods might
not be suitable to the tactile modality. For touch, subtle spikes in contact may barely affect the av-
eraged error but are essential for task-relevant information. We therefore believe that developing
a more suitable metric for tactile signals will significantly improve the effectiveness of using touch
in contact-rich manipulation.

Second, it is unclear whether foundation-scale prediction can keep pace with contact dynamics.
Robots need to quickly react to many tactile events, such as making and breaking contact, subtle
changes in force, and incipient slip, whereas foundation-scale predictors (112, 162) run at much
lower rates. It is essential for tactile world models to address this temporal mismatch between
slow prediction and fast contact dynamics. We believe the solutions include developing either
faster prediction models or mechanisms that explicitly separate slow predictive planning from fast
reactive correction.

5. OPEN PROBLEMS AND FUTURE DIRECTIONS

The rapid development of tactile sensing, robot learning, and multimodal foundation models has
created new opportunities for tactile-based manipulation. But the new tools and new possibilities
also introduce new challenges that may play a critical role in determining the future of tactile-
based manipulation.

5.1. Tactile Sensor Heterogeneity and Transferability

As discussed in Section 2.1, tactile sensors exhibit substantial variation in signal formats and out-
put characteristics. This heterogeneity has become a major obstacle to scaling tactile datasets and
sharing knowledge across the community. In contrast to vision, where large datasets can often be
reused across platforms, tactile datasets and models are frequently tied to specific sensors, making
it difficult to transfer learned representations and policies across hardware. A growing consensus is
that addressing this challenge requires the development of sensor-agnostic tactile representations.
One approach is learning shared latent representations directly from data collected from multiple
vision-based tactile sensors (107, 110, 167, 168), with recent work extending this effort to addi-
tionally include array- and state-based tactile sensors (153). Another uses physically meaningful
quantities, such as contact geometry (169) or contact force (170), as an intermediate representa-
tion shared across sensors. While promising progress has been made, developing representations
that generalize across diverse tactile sensors and tasks remains an important open challenge.

5.2. Making Tactile Sensing Lightweight

Many manipulation tasks require robots to react rapidly to contact events, such as collisions, slip,
or changes in contact conditions. As tactile sensors and algorithms become increasingly complex,
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the latency introduced by communication and computation can become a bottleneck for real-
time manipulation. We therefore believe that making tactile sensing more lightweight remains an
important research direction. Possible approaches include (#) applying task-appropriate sensors
rather than maximizing sensor signal richness, (§) developing low-dimensional tactile representa-
tions that support efficient perception and control (93), and (c) co-designing sensor hardware and
algorithms, for example, by performing signal preprocessing and feature extraction directly on
the sensor. Such approaches may improve the responsiveness and deployability of tactile-enabled
robotic systems.

This also raises a broader question about sensor design: What properties should future tactile
sensors prioritize? Despite the availability of rich tactile signals, many projects ended up using
only low-dimensional tactile information. In current practice, we believe that sensor characteris-
tics such as repeatability, durability, latency, and ease of integration are important for building an
effective manipulation system. We therefore argue that, rather than pursuing increasingly complex
designs and higher signal bandwidth alone, the community would benefit from robust, accessible,
and reliable tactile sensors.

5.3. How Should We Evaluate Tactile-Driven Manipulation?

For tactile-driven manipulation, a fundamental question remains: What does it mean to achieve
general-purpose manipulation? Most existing work evaluates success rates on narrowly scoped
tasks that are difficult to compare across studies and may not reflect broader manipulation re-
quirements. As a result, it remains challenging to assess how much progress individual methods
contribute toward general tactile-enabled manipulation.

Recent work has begun to consider broader evaluation criteria, including training data effi-
ciency (104, 137), task efficiency (22, 26), interaction force (26, 102), and generalization across
objects (23, 96, 149). These metrics better reflect the practical requirements of real-world ma-
nipulation. However, the community has yet to converge on a common suite of representative
evaluation tasks. Such benchmarks would not only facilitate more meaningful comparison be-
tween methods but also help align the trajectory of the field itself. Evaluation tasks shape the
systems built around them; agreeing on representative tactile manipulation challenges would en-
courage researchers to develop methods that address shared and broadly meaningful goals rather
than optimizing for isolated tasks. Recent benchmarking efforts in simulation-based tactile ma-
nipulation (137, 171, 172) represent encouraging progress, and extending these efforts across a
wider range of sensors and tasks remains an important direction for future research.

5.4. Lessons from Mechanics-Driven to Data-Driven Methods

While recent progress in tactile-driven manipulation has been driven largely by data-driven ap-
proaches, the underlying physics of touch and contact-rich manipulation remain unchanged. Thus,
insights accumulated from mechanics-driven methods continue to provide valuable structure for
understanding contact interactions and designing effective manipulation systems. We believe that
future advances will require not only scalable learning techniques but also a deeper understanding
of the physical principles underlying touch. Such knowledge may further inform the design of
more efficient tactile representations and learning architectures.

Some concepts established in mechanics-driven methods also remain underexplored in
data-driven approaches. One example is active touch, where tactile perception is coupled
with exploratory robot actions to acquire task-relevant information. As briefly discussed in
Section 3.1.7, active touch has primarily been studied for perception (173). Estimates of ob-
ject states and physical properties obtained by active exploration can also inform low-level
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manipulation strategies (Section 3.2.3). Such approaches are particularly useful when interacting
with objects with unknown or challenging physical properties. Existing data-driven manipula-
tion methods often do not include components for actively gaining object properties or other
task-relevant information through exploration, but this capability can improve manipulation
policies’ generalizability when handling new environments or novel objects. As the field moves
toward manipulation in more diverse and complex physical environments, actively exploring the
environment to gain task-relevant information may become increasingly important.

6. CONCLUSION

Tactile sensing provides robots with direct access to physical interactions at the contact inter-
face, making it a unique and valuable modality for robotic manipulation. In this article, we have
reviewed the development of tactile-based manipulation from both mechanics-driven and data-
driven perspectives. Viewed through the history of the field, tactile manipulation has evolved from
explicit reasoning about contact phenomena toward learning tactile representations and manipu-
lation policies directly from data. Despite their methodological differences, both paradigms seek
to answer the same fundamental question: How can robots use touch to better understand and in-
teract with the physical world? We hope that this review provides a useful reference for researchers
working toward that goal.
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