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Abstract— Robotic manipulation tasks such as inserting a
key into a lock or plugging a USB device into a port can fail
when visual perception is insufficient to detect misalignment.
In these situations, touch sensing is crucial for the robot to
monitor the task’s states and make precise, timely adjustments.
Current touch sensing solutions are either insensitive to detect
subtle changes or demand excessive sensor data. Here, we
introduce TranTac, a data-efficient and low-cost tactile sensing
and control framework that integrates a single contact-sensitive
6-axis inertial measurement unit within the elastomeric tips
of a robotic gripper for completing fine insertion tasks. Our
customized sensing system can detect dynamic translational
and torsional deformations at the micrometer scale, enabling
the tracking of visually imperceptible pose changes of the
grasped object. By leveraging transformer-based encoders and
diffusion policy, TranTac can imitate human insertion behaviors
using transient tactile cues detected at the gripper’s tip during
insertion processes. These cues enable the robot to dynamically
control and correct the 6-DoF pose of the grasped object. When
combined with vision, TranTac achieves an average success rate
of 79% on object grasping and insertion tasks, outperforming
both vision-only policy and the one augmented with end-effector
6D force/torque sensing. Additionally, TranTac’s contact local-
ization performance is validated through tactile-only insertion
tasks, where the inserted object and slot are initially misaligned
by 1 to 3 mm, achieving an average success rate of 88%.
We assess the generalizability by training TranTac on a single
prism-slot pair and testing it on unseen data, including a
USB plug and a metal key, and find that the insertion tasks
can still be completed with an average success rate of nearly
70%. The proposed framework may inspire new robotic tactile
sensing systems for delicate manipulation tasks. Project page:
https://wusdream.github.io/TranTac/

I. INTRODUCTION

Recent advancements in vision-language-action models
have sparked rapid development of robotic technologies,
allowing robots to learn various manipulation skills, such as
rearranging tools and delivering objects [3], [45]. However,
delicate manipulation remains challenging because vision
alone often fails to detect transient, subtle changes in objects.
In addition, visual sensing can be obstructed when handling
small objects or operating in complex environments. In these
situations, touch sensing is highly desirable.

Many tactile sensing strategies have been proposed [23],
with visuo-tactile sensing emerging as one of the most popu-
lar choices due to its high spatial resolution and exceptional
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Fig. 1: Overview of TranTac, a tactile sensing and control
framework for fine robotic manipulation that integrates visual
input from a wrist-mounted camera with high-frequency tac-
tile feedback from fingertip-embedded inertial measurement
units (IMUs). When the grasped objects interacts with the
environment, the embedded IMUs in the gripper’s tip capture
the subtle translation and torsion of the elastomeric tip, which
produces 3-axis acceleration (ACC) and angular velocity
(Gyro) signals. These signals provide fine-grained feedback
for precise 6-DoF control of the robot end-effector.

reliability [43], [20], [33]. However, because these sensors
prioritize the capture of detailed spatial information, they
suffer from limited responsiveness due to their relatively low
sampling rate. This prevents robots from reacting quickly
in dynamically changing, contact-rich environments. To ad-
dress this, some designs have explored the use of contact
microphones [8], [22], [37], [29], [25] or event cameras [31],
[19], [39], [10] to detect transient touch events. However,
event cameras are costly, while contact microphones lack
directional information.

In this paper, we draw inspiration from the dexterity
of the human hand, which utilizes dynamic tactile sensing
to efficiently track the pose of grasped objects [14]. In
particular, a light touch contact on the human fingertip can
be readily captured by the tactile sensors embedded in the
skin, efficiently encoding contact information through sparse
temporal neural coding [32]. Such encoding mechanism is
characterized by high temporal fidelity, informing the impor-
tance of a wide bandwidth tactile sensing system. Here, our
approach focuses on the design of gripper tips, where con-
tact interactions most frequently occur during manipulation.
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TABLE I: Comparison of TranTac (ours) with existing tactile sensing methods previously applied to object insertion tasks.
Performance indicators are marked to show whether | low values are better or 1 high values are better, with the best value

highlighted in bold.

Sensor TranTac (Ours) GelSlim 3.0 [35] 9DTact [24] DIGIT [21] ReSkin/AnySkin [1] 3D-ViTac [13]
1 Size [mm] 11x11x8 37x80x20 33%26%26 20%x27x18 20%x20x2 48x48 %3

1 Cost [$] 5 25 6 15 30 20

1 Channels/Pixels 6 640480 640x480 640480 15 16x16x4

| Data Efficiency (Stream Volume) [KB/s] 42 27648 27648 55296 12 33

1 Sensing Bandwidth [Hz] 3500 30 30 60 400 322

Given the need for timely tracking and control of the 6-DoF
pose of a grasped object, we consider that a sensor capable
of detecting both translational and torsional deformations
of the gripper is sufficient. We designed TranTac, a novel
robotic sensing and control framework that leverages contact-
sensitive, wide-bandwidth, and low-cost 6-axis IMU sensors
to capture subtle and transient deformations of the gripper tip
induced by pose variations of the grasped object. Compared
to existing methods, our hardware design is both data-
efficient and cost-effective, while retaining the capability
to capture dynamic tactile information with high temporal
accuracy (Table I). It learns a visuotactile policy through
diffusion of action, enabling fine manipulation. Temporal
features are extracted from instantaneous IMU data, encoded
via transformers, fused with vision features, and fed into
a diffusion model to generate 6-DoF poses for subsequent
movement steps. We validate the effectiveness of TranTac
through physical experiments, in which the robot grasps and
inserts objects of various shapes and materials.

The key contributions of this paper are as follows: 1) A
novel tactile sensing mechanism for robots that leverages
temporal tactile information to efficiently detect transient,
subtle pose changes in grasped objects. 2) A compact and
readily reproducible design of the tactile sensing hardware
that utilizes low-cost, off-the-shelf IMU chip and silicone
molding. 3) A robot imitation learning framework based
on action diffusion, which integrates IMU-based tactile data
with spatial visual information to perform insertion tasks us-
ing a diverse set of objects—from plastic prisms to everyday
items like USB plugs and metal keys.

II. RELATED WORK

Tactile sensing for robot manipulation: Various tactile
sensing designs have been developed for robot grippers.
While force/torque sensors are common in industrial appli-
cations [4], their bulkiness often precludes installation at the
gripper tip, limiting their effectiveness for localized tactile
sensing. Tactile sensors that utilize piezoresistive, piezoelec-
tric, or capacitive components can be embedded in robot skin
with slim profiles [27], [9], [13], [16]. However, these sensors
often require complex fabrication processes and acquisition
electronics, and they are susceptible to environmental noise
and crosstalk. Visuo-tactile sensors [43], [33] have gained
increasing attention due to their excellent spatial resolution
and reliability. The deformation of a soft robot gripper tip
can be captured by an embedded camera, capturing high-
precision data on the contact location and surface texture of

the grasped object. However, the camera and required optical
path space enlarge the end effector equipped with such
sensors. Moreover, the temporal resolution of visuo-tactile
sensing is constrained by the camera frame rate, making it
difficult to capture high-frequency transient tactile signals at
the kilohertz level. Acoustic sensors such as piezoelectric
contact microphones have been integrated into robotic grip-
pers or affixed to experimental objects to compensate for the
response delay of vision-based tactile sensors in detecting
contact events, modes and object states [8], [22], [37], [29],
[25]. However, bulky contact microphones are hard to be
integrated into gripper tips, and their signals lack directional
information and are highly susceptible to ambient acoustic
noise [25].

Peg-in-hole insertion via touch: Peg-in-hole problems are
classic but challenging benchmarks for robotic manipulation.
Early works relied primarily on visual sensing for object
localization and alignment, but vision alone often strug-
gles with occlusion and limited accuracy in fine insertion
tasks [6], [15]. Recent research has increasingly focused
on the integration of visuo-tactile sensors to provide high-
resolution local contact information for precise insertion
tasks. A constraint-based estimation framework has been
developed to localize extrinsic contacts using distributed
tactile sensing [28]. Streaming tactile imprints can be lever-
aged to estimate and correct object pose errors, enabling
robust insertion of unknown objects without prior geometric
knowledge [7]. Tactile sensing can also support closed-
loop control in complex tool-using manipulation tasks by
providing accurate real-time pose estimation [34]. Learning-
based approaches have been developed to recognize contact
states using force and torque data, enabling robots to perform
assembly tasks through adaptive impedance control strategies
[42]. More recently, diffusion models have been applied
to generate force-domain policies for high-precision tactile
insertion, achieving zero-shot transfer across novel tasks
while addressing the frequency misalignment between policy
inference and real-time control [40]. Visuo-tactile sensing
typically relies on tactile image sequences, where object
pose and extrinsic contact locations are implicitly encoded.
This approach demands extensive spatiotemporal data, often
leading to delayed pose adjustments. To mitigate this and
better capture transient cues, active exploration has been
integrated to improve contact location estimation [18].

Imitation learning for robot manipulation: Imitation
learning enables robots to acquire complex manipulation
skills through demonstrations. Recent approaches employ
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deep-generative models to preserve the variability of imitated
trajectories, allowing for generalization to new scenarios
[17], [36], [2]. End-to-end imitation learning has been shown
to enable low-cost hardware to perform fine-grained biman-
ual manipulation tasks based on real-world demonstrations
[44]. Diffusion-based generative models have demonstrated
potential in visuomotor policy learning, enabling robots to
generate diverse and adaptive motion plans [5].

III. B1IO-INSPIRED DYNAMIC SENSING FOR SUBTLE
ToucH

Humans can perform blind insertion tasks by perceiving
subtle contact between a grasped object and its surroundings.
Tactile sensors in the hand play a pivotal role, as they are
extremely sensitive to transient skin deformations [14] and
can efficiently capture tactile information through sparse but
highly precise temporal encoding [38], [32]. Inspired by this,
we designed our TranTac sensing system using a single 6-
axis IMU with a temporal resolution as high as 0.28 ms.

This design aims to responsively and efficiently capture
the 3-axis translation and 3-axis torsional deformation that
occur in the contact region of the gripper tip (Fig. 1). The
sensing efficiency of our design can be compared to emerging
visuo-tactile sensing techniques, where the status of grasped
object is encoded by high-dimensional spatio-temporal tactile
signals recorded by an integrated camera. For example, a
30 fps, 480p camera produces at least 9000 kilobytes of data
per second (30x640x480), not to mention that many existing
studies utilize cameras with even higher spatial and temporal
resolutions. In contrast, our design features a data volume
of just 42 kilobytes per second. The detailed comparison
between different sensors is provided in Table I.

A. Gripper Tip with 6D Dynamic Tactile Sensing

TranTac employs a soft elastomeric fingertip with an
embedded 6-axis IMU (ST LSM6DSR iNEMO) to capture
subtle translational and torsional deformations of the elas-
tomeric tips. The size of the IMU chip is only 2.5 X 3 mm,
compact enough to be integrated into gripper tips. The sensor
measures accelerations up to +16 g and angular velocities
up to #4000 dps. IMU data are streamed via a flat flex cable
at 3500 Hz to a compact computing unit (Raspberry Pi 5),
which transmits the data in real-time to a circular buffer on
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Fig. 2: Design of TranTac tactile sensor: a) exploded view
and b) fabrication process.

the PC for storage and processing by the action generation
module.

The elastomeric tip is fabricated from polydimethylsilox-
ane (PDMS, Dow SYLGARD 184) mixed at the standard
10:1 base-to-curing-agent ratio and is molded onto the pro-
trusion of the 3D-printed fingertip support (Fig. 2). First,
the IMU board is placed in the mold’s bottom slot, filled
with PDMS, and joined with tip base; the assembly is then
cured at 60 °C for 120 minutes, cooled, and demolded. Next,
a second mold is fitted over the tip to cast an additional
thin PDMS layer over the exposed IMU. Following another
curing cycle at 60 °C for 120 minutes, the mold is removed
to complete the sensor.

B. Tactile Sensing for Contact Localization

Fig. 3 shows four scenarios where an object grasped by
the parallel gripper moves vertically downward to contact
an edge in the environment and subsequently lifts off. In
each scenario, we visualize the 20 ms collision signals, which
capture the immediate response at contact.

As demonstrated in the figure, different collision direc-
tions produce distinct signal patterns. In the first row, the
gripper contacts an edge that is parallel to the sensor plane,
resulting in a difference in the magnitude of the left and
right acceleration signals along the y-axis and relatively large
changes in the gyroscope (Gyro) x-axis signals. In the second
row, the gripper contacts an edge perpendicular to the sensor
plane, causing the object to rotate within the sensor plane and
leading to a significant change in the gyroscope signals along
the z-axis.

C. Policy Learning

Human hands can adjust the pose during tool use by
perceiving dynamic translational and torsional deformations

—Acc X (m/s?) —AccY (m/s?) —Acc Z (m/s?)
Gyro X (degree/s) —Gyro Y (degree/s) —Gyro Z(degree/s)

20 ms

Fig. 3: Examples of measured TranTac tactile signals for four
contact directions. The top two cases represent edge contact
along the gripper’s x-axis, while the bottom two indicate
contact along the z-axis. The contact information is encoded
via magnitude differences in the accelerometer (Acc) signals
and phase shifts in the gyroscope (Gyro) signals.
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Fig. 4: Network architecture of the proposed model. It
consists of three parts: a) Sensor input, which contains
camera images and two IMU tip signals. b) Feature extraction
and fusion, including the concatenation of vision and tactile
tokens and a Transformer for multi-modal and temporal
feature integration together with the current end-effector
state. ¢) A conditional diffusion strategy to generate robot
end-effector poses.

of the skin at fingertips [14]. To enable robots to imitate
this human capability, we propose an end-to-end visuotactile
policy that maps visual and tactile observations to actions,
as illustrated in Fig. 4. Our method consists of three critical
parts. Fig. 4(a) shows the sensor inputs, including one
wrist-mounted camera and two 6-axis IMU sensors at the
fingertips. The camera sampling frequency is 24 Hz, and
the IMU sampling rate is 3500 Hz. Fig. 4(b) illustrates the
feature extraction and fusion process from the image and imu
signals, and Fig. 4(c) depicts the policy learning process for
action generation, which leverages the diffusion policy [5]
conditioned on our tactile representation to generate 6-DoF
actions for the robot end-effector.

1) Visuotactile Encoding: We use camera images as visual
input and adopt ResNet-18 [11] as the visual encoder. Within
each visual frame interval, the 146-frame sequence of 6-axis
IMU signals is used as input to the tactile module. Specifi-
cally, the IMU signals are projected to 64 dimensions through
a single MLP layer, then processed by a transformer to
extract features. We use the same IMU encoder to extract left
tip tokens and right tip tokens, which are then concatenated
and fused with visual tokens using a transformer. Finally,
the fused tokens are concatenated and projected to 512
dimensions, then concatenated with the robot proprioception
features to serve as input to the action head. Note that we
use the last two time steps’ sensor signals as observations.

2) Action Generation: Our action head is a diffusion
policy Dpoicy [S]. As illustrated in Fig. 4, the policy network
learns to denoise actions by predicting ¢ from multimodal
visual, tactile, and proprioceptive observations O. We employ
the conventional DDPM [12] loss function:

L =E(0,A40)eDyotieysbrer ok — €6(0, Ao + 1, B)[*, (1)

where k represents the noise schedule step, ¢, is the ground-
truth noise, and A represents the ground-truth 16-step future
robot trajectories. We predict the noise €y through a CNN-
based diffusion model with FiLM conditioning [30].

IV. EXPERIMENTS

In this section, we investigate extensive contact-rich in-
sertion experiments to demonstrate the effectiveness and
generalization of using tactile cues from the insertion process
to help policy learning. These experiments are designed to
answer the following questions:

¢ Does TranTac improve policy performance in contact-
rich tasks compared to both pure vision-based policies
and robot end-effector 6D force sensor? (Experiment 1)

o Can TranTac correctly identify the contact location and
the direction of adjustment? (Experiment 2)

e Can tactile cues captured by TranTac generalize to
different objects? (Experiment 2)

A. Environment setup

The hardware used in the experiment is shown in Fig. 1,
including a 7-DoF robot arm (Flexiv Rizon 4s) integrated
with a 6D force/torque sensor and equipped with a gripper
(Flexiv Grav), two TranTac sensors mounted on the gripper
tips, and a RGB-D camera (RealSense D435i) mounted on
the robot arm for wrist view. For each task, demonstrations
are collected at 24 Hz via a teleoperation system employing
a see-through VR headset [41]. Learned policies are trained
for 200 epochs with a batch size of 32 using the AdamW
optimizer, then deployed at a 12Hz frequency. We use
action chunking with exponential temporal averaging [44]
to produce smoother behavior.

B. Experiment 1: Policy Comparison

1) Task Description: Fig. 5 shows the experimental ob-
jects used in the insertion experiments. We use 3D printable
objects from [26], including a rectangle and a circle-square
prism with insertion slot clearances of only 0.5 mm. Addi-
tionally, we test with two everyday objects, a USB connector-
hub pair and a key-lock pair.

Plastic prism insertion tasks: This task requires the robot
to insert a 3D-printed object—either a simple rectangular
shape or a composite form consisting of a circle and a
square—into its designated slot. The arm starts at a random
position near the target slot and places the object directly
below the gripper. The training dataset consists of 40 demon-
stration trajectories.

USB insertion task: This task requires the robot to plug a
USB connector into a specific port on a power hub. The arm
starts at a random position near the power hub and places
the object directly below the gripper. The training dataset
consists of 40 demonstrations.

Key insertion task: This task requires the robot to insert
a metal key into its corresponding lock. The robotic arm
begins from a random position to the left of the lock, with
the key positioned directly beneath the gripper. The training
dataset comprises 40 demonstrations.

Note that during testing, we randomly initialize the gripper
location using the same distribution as in training to prevent
the network from memorizing the initial robot pose, while
maintaining the same relative position between the object
and the slot.
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Fig. 5: Experimental objects used in the insertion experiments, including 3D printed plastic prisms and insertion board, USB
connector-hub pair, and key-lock pair. The top panel displays the transient tactile signals captured by TranTac, highlighting

key events during the grasping and insertion process.

Based on the four tasks above, we evaluated and compared
the following three policies. Each policy was tested using 20
rollouts per task to ensure reliable assessment.

o Vision Only: ResNet-18 encoder 512-
dimensional features from RGB inputs.

« Vision with Force: 6D force/torque data is projected
to 512 dimensions via MLP and fused with ResNet-18
visual features using Transformer attention.

o Vision with TranTac: Tactile inputs (TranTac) are
processed through a 4-layer Transformer encoder with
8 attention heads, where the [CLS] token is used
to extract temporal features and projected into a 512
dimensions and fused with ResNet-18 visual features
using Transformer attention. No force/torque data is
used.

extracts

2) Qualitative Analysis: Table II shows the experimental
success rates. Our results show that TranTac policies outper-
form both vision-only approaches and vision-based methods
augmented with 6D force/torque sensing. Additionally, we
observe that TranTac policies can fit the demonstration
datasets more precisely, particularly for contact strategies
at hole edges, enabling accurate contact localization and
adjustment for more precise insertion operations. In contrast,
force-based policies suffer from low signal-to-noise ratios

in the robot’s end-effector 6D force/torque measurements
due to their large sensing range, which adversely affects
performance in fine manipulation tasks. The vision-only
policy struggles with occlusion issues, especially in circle-
square insertion tasks where the inserted object blocks the
view of the square hole, frequently causing the robot to get
stuck near the hole entrance and resulting in lower success
rates for pure vision approaches.

TABLE II: Success rates (out of 20) of four insertion tasks
for comparing three policies.

Policy Rectangle  Circle-square USB Key
Insertion Insertion Insertion Insertion
Vision Only 75% 60% 30% 80%
Vision w. Force 50% 70% 40% 40%
Vision w. TranTac 80% 80% 65% 90%

C. Experiment 2: Generalizability of Tactile-Only Policy

To validate TranTac’s contact localization capability and
the generalizability of tactile features, we designed tactile-
only policy experiments.

1) Task Description: Fig. 6 shows the training and testing
objects used in the insertion experiments. Six 3D-printed
plastic objects in the shapes of prism, cylinder, and elliptical
cylinder are used, each with lengths of 40 mm and 60 mm.
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Fig. 6: The experiment involves inserting objects into a
rectangular slot that is 3 mm wider than the objects. A 40 mm
prism was used as the training object, while the remaining
ones are testing objects. The tasks include inserting 40 mm
and 60 mm long prism, round and elliptical cylinders into
the rectangular slot, inserting a USB plug into a hub, and
inserting a metal key into a keyhole.
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In addition, the testing is generalized to everyday objects,
including a USB connector-hub pair and a key-lock pair.

The robot is trained to perform the insertion tasks imitating
human behaviors through four distinct stages (Fig. 7).

Move vertically downward (Stage 1): The gripper hold-
ing the object is positioned above the slot and moved
vertically downward until contact is detected. This stage
demonstrates the response speed of TranTac in contact de-
tection.

Localize contact and slide along the opening (Stage
2): The robot localizes external contact by sensing subtle
translational and torsional deformations within the fingertip,
allowing it to determine the location of the slot opening.
As the deviation level increases, localizing the contact be-
comes more challenging due to the reduction of torsional
deformations and translational differences between the two
fingertips. The robot then slides the object along the opening
using the TranTac sensors, and upon detecting a signal indi-
cating departure from the edge, it incorporates a downward
movement into its trajectory. Admittance control is applied to
the robotic arm to ensure that contact forces remain within a
safe threshold of 5 N, using a proportional integral controller.

Detect contact with inner wall (Stage 3): TranTac can
responsively track the dynamic 6-DoF poses, enabling it to
promptly identify subtle contact with the inner wall and
distinguish it from external contact outside the slot, as is
common during stage 2. This stage demonstrates its ability
to sense different contact modes.

Resume downward movement (Stage 4): This stage
is relatively straightforward for the plastic prism-slot pair
because the slot is 3mm wider than the plastic prism,
allowing for greater angular misalignment during insertion.
However, in real-world peg-in-hole insertion tasks, such as
USB plug or key insertion, the clearance between the peg and
the hole is much smaller, as shown in Fig. 6. Therefore, it is
necessary for TranTac to sense the direction of obstruction
and make appropriate adjustments.

To successfully accomplish this task, the robot must be
able to perceive various contact modes and directions and
take appropriate actions accordingly. We collect 40 demon-

(1) Move vertically
downward
t=0s

(2) Localize contact and
Slide along the opening
t=1.42s

(3) Detect contact with
inner wall
t=2.37s

(4) Resume downward
movement
t=3.54s

contact and
he opening
S

'Resume downward
- inner wall ~ movement
. t=2.25s
v

Fig. 7: Physical tests with three types of insertion tasks
without visual sensing. The initial position of the objects
is randomized. Four insertion stages are shown.

strations in total, with 10 demonstrations for each edge of
the slot. Note that only the 40 mm rectangular prism-slot pair
is used for training, while the others are reserved for testing.

2) Evaluation Metrics: To ensure a fair comparison, the
inserted object is initially offset from the target slot by 1 to 3
mm in each of the four lateral directions. For each deviation
level, four lateral directions were tested and two rollouts were
conducted per direction, resulting in a total of 24 rollouts
per object. The task is considered successful if the object is
adjusted towards the slot opening and successfully inserted
into the slot.

3) Qualitative Analysis: The quantitative results are pre-
sented in Table III, showing the success rates for inserting
3D printed objects, a USB plug and a metal key at different
deviation levels. The 40 mm rectangular prism was the only
object used for training, achieving an average success rate of
88% during testing. All other objects, used for generalization
evaluation, still achieved an average success rate of nearly
70% in insertion tasks. Our experimental results reveal

TABLE III: Success rates (out of 24) of insertion tasks
using TranTac-only policy. Only the 40 mm rectangular prism
was used for training; the rest are unseen objects for gen-
eralization evaluation. Each object was tested under three
deviation levels, represented by d(to), which is the corrective
movement distance required to complete an insertion task.

Testing Objects §(to) = §(to) = §(to) = Avg. Success
1 mm 2mm 3 mm Rate
4 cm rectangular prism  100% 87.5% 75.0% 87.5%
4 cm cylinder 75.0% 62.5% 62.5% 66.7%
4 cm elliptical cylinder 87.5% 62.5% 50.0% 66.7%
6 cm rectangular prism  87.5% 75.0% 50.0% 70.8%
6 cm cylinder 75.0% 75.0% 50.0% 66.7%
6cm elliptical cylinder 75.0% 62.5% 25.0% 54.2%
USB Plug 75.0% 62.5% 50.0% 62.5%
Metal Key 87.5% 87.5% 87.5% 87.5%
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several key insights. As the starting deviation distance 6 (¢¢)
increases, the success rate decreases. This is because a larger
deviation J(tp) causes the contact point to be closer to the
rotational center, resulting in a shorter moment arm and
thus a smaller torque. Consequently, the dynamic torsional
deformations at the edge contact are reduced, leading to a
weaker gyroscope signal and making direction discrimination
more difficult. As shown in Fig. 6, the narrow edges of the
elliptical cylinder and the USB plug are only 10mm and
4.5 mm wide, respectively, which can lead to incorrect direc-
tion inference after contact. Given the minimal object dimen-
sions, a 3 mm deviation already places the contact point near
the grasp center of mass, resulting in negligible rotational and
translational disturbances. Consequently, larger perturbations
become feasible when grasping objects of increased size.
Furthermore, the visuotactile policy experiments demonstrate
that vision provides effective coarse localization (typically
within 1-2 mm), after which tactile feedback enables precise
fine-tuning through subtle corrective adjustments. Collisions
between objects of different shapes and the slot produce dif-
ferent contact modes, which in turn lead to varying dynamic
translational and torsional deformations of the elastomeric
tips, diminishing the success rate for inserting generalized
objects. Experimental results with a USB plug and a metal
key demonstrate that TranTac can be generalized to objects
of various materials and geometries, as its sensing mecha-
nism is based exclusively on directional deformation of the
elastomeric tips.

V. LIMITATIONS

Although TranTac demonstrates its ability to leverage
transient dynamic tactile information for completing contact-
rich insertion tasks, several limitations remain.

Limited sensing for spatial information: Current de-
sign of TranTac prioritizes reducing sensing channels and
maximizing the temporal resolution, but lacks the sensing
capability of spatial patterns. One possible future direction is
to increase the number of IMU integrated and to adapt super-
resolution techniques. Existing research suggests that spatial
information is partially encoded in the temporal structure of
vibrotactile signals and thereby can be extracted via decoding
methods [32].

Limited sensing for pseudo-static contact: Since Tran-
Tac is centered on dynamic tactile sensing, it lacks the
ability to measure constant and pseudo-static deformation.
Thus, if it touches an object that slowly deforms the gripper
tip, TranTac can barely detect any static pressure. As a
result, integrating other types of sensing components, such as
a magnetometer and corresponding magnetized elastomeric
materials, is one direction to be explored in the future.

Incomplete physical modeling: The physical model de-
scribing the relationship between the 6D pose of the grasped
object and the corresponding 6-axis IMU signals remains
underexplored. Further research is needed to establish an
explainable model for more robust pose estimation.

Sensor size optimization: The current design of elas-
tomeric gripper tip is four times larger than the size of the

IMU chip, suggesting that the size of the elastomeric tip
can be further reduced with a more optimized mechanical
design. A more compact gripper tip will allow the robot to
manipulate objects of smaller sizes.

Limited policy inference speed: Although we have high
sampling rate continuous tactile signal input, the iterative
denoising process of the diffusion policy requires approxi-
mately 60 ms per inference, which limits the robot’s real-time
feedback capabilities. Further research is needed to explore
algorithms that balance both inference speed and the ability
to model multimodal action distributions.

VI. CONCLUSION

We present TranTac, a cost-effective tactile sensing and
control framework designed to enable delicate robotic ma-
nipulation. We utilize a compact elastomeric gripper tip
integrated with IMU to capture transient and subtle tactile
signals arising from dynamic translational and torsional
deformations of the tip when the grasped object has en-
vironmental contact. To infer extrinsic contact direction,
tactile signals are encoded and fused with visual features,
then fed into an action diffusion model. This establishes a
sensing-to-control mapping between the 6-DoF deformation
of the elastomeric gripper tips and the corresponding 6-DoF
pose adjustments of the robot end-effector during insertion
tasks Our experiments demonstrate that TranTac, when used
with a visuotactile policy, achieves a high average success
rate of 79% in grasping and insertion tasks. For downward
insertion tasks specifically, it reaches 88% success on the
training object and nearly 70% on average for unseen objects
of varying shapes, sizes, and materials using the tactile-
only policy. The data efficiency, low cost, compact design,
and robust performance of TranTac underscore its potential
for advancing delicate robotic manipulation in contact-rich
environments.
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