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Fig. 1: Learning multimodal robot manipulation with simultaneous tactile-visual perception. TacThru enables clear visual perception
and robust marker tracking via transparent elastomer and keyline markers (left), providing rich multimodal signals for learning manipulation
policies. TacThru-UMI demonstrates efficacy across fine-grained and contact-rich tasks requiring precise multimodal coordination (right).

Abstract—Robotic manipulation requires both rich multimodal
perception and effective learning frameworks to handle com-
plex real-world tasks. See-Through-Skin (STS) sensors, which
combine tactile and visual perception, offer promising sensing
capabilities, while modern imitation learning provides powerful
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tools for policy acquisition. However, existing STS designs lack
simultaneous multimodal perception and suffer from unreliable
tactile tracking. Furthermore, integrating these rich multimodal
signals into learning-based manipulation pipelines remains an
open challenge. We introduce TacThru, an STS sensor enabling
simultaneous visual perception and robust tactile signal extrac-
tion, and TacThru-UMI, an imitation learning framework that
leverages these multimodal signals for manipulation. Our sensor
features a fully transparent elastomer, persistent illumination,
novel keyline markers, and efficient tracking, while our learning
system integrates these signals through a Transformer-based
Diffusion Policy. Experiments on five challenging real-world tasks
show that TacThru-UMI achieves an average success rate of
85.5%, significantly outperforming the baselines of tactile policy
(66.3%) and vision-only policy (55.4%). The system excels in
critical scenarios, including contact detection with thin and soft
objects and precision manipulation requiring multimodal coor-
dination. This work demonstrates that combining simultaneous
multimodal perception with modern learning frameworks enables
more precise, adaptable robotic manipulation.

Index Terms—Manipulation, tactile sensing, proximity sensing,
imitation learning

I. INTRODUCTION

MANIPULATION requires a comprehensive environmen-
tal perception that spans the pre-contact to post-contact

phases [1, 2]. Current sensing modalities each address different
aspects but exhibit complementary limitations. Vision provides
rich global context, but often downgrades during manipulation
due to visual occlusions, particularly when precise control
is required [3]. Vision-based Tactile Sensors (VBTSs) [4–7]
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excel in providing high-resolution contact information [3, 4,
8, 9], but offer no information during the crucial pre-contact
approach phase and provide only local, sometimes sparse
signals [10]. Dedicated proximity sensors partially bridge this
pre-contact gap [11–13], but lack the spatial richness and
precision needed for fine-grained manipulation.

See-Through-Skin (STS) sensors integrate tactile and visual
sensing to address these limitations [10, 14–27]. Adapting
VBTS designs, they replace opaque reflective coatings with
semi-opaque or transparent alternatives, allowing the embed-
ded camera to “see through the skin” for visual signals (e.g.,
object appearance, proximity) beside the tactile signals (e.g.,
contact, force). Recent work has validated their utility in ob-
ject perception [22, 25, 26], grasping [15, 17, 22, 28], in-hand
translation [10], and articulated object manipulation [18, 24].

Despite this progress, three limitations prevent the broader
adoption of STS sensors. First, most current designs explicitly
switch between tactile and visual modalities through illu-
mination control [23, 24] or movable components [27], pre-
venting simultaneous multimodal perception and introducing
additional control complexity. Second, tactile markers essential
for shear force measurement are difficult to track against noisy,
unpredictable external backgrounds, limiting applications in
open environments [14]. Finally, existing STS applications rely
primarily on hand-crafted controllers, with integration into
modern data-driven manipulation pipelines largely unexplored.

To address these issues, we introduce TacThru, an STS
sensor that enables simultaneous tactile-visual perception
through (i) a fully transparent elastomer for clear visual
perception, (ii) persistent illumination that eliminates mode
switching, (iii) novel keyline markers robust to background
variation, and (iv) an efficient tracking algorithm that enables
120Hz operations. This design enables truly simultaneous
tactile-visual perception while remaining compatible with
standard VBTS fabrication [29] with minimal adoption.

We further develop TacThru-UMI, integrating TacThru
into an imitation learning framework based on Universal
Manipulation Interface (UMI) [30]. A Transformer-based Dif-
fusion Policy learns to properly attend to the simultaneously
provided multimodal signals for manipulation control. We
evaluate the system on five diverse real-world tasks, includ-
ing pick-and-place, sorting, and insertion (Fig. 1), where
TacThru provides persistent environment, object, and contact
perception. Our policies reach an average success rate of
85.5%, achieving 1.54ˆ and 1.29ˆ performance compared to
our vision (55.4%) and tactile (66.3%) baselines, respectively.

Our contributions include: (i) TacThru, a novel STS
sensor that enables efficient, robust, simultaneous tactile-
visual perception; (ii) TacThru-UMI, an imitation learning
system with a design compatible with UMI for data collection,
processing, and policy deployment; and (iii) a comprehensive
experimental validation demonstrating how TacThru’s simul-
taneous multimodal perception enables superior fine-grained
and contact-rich manipulation.

II. RELATED WORK

Tactile and STS Sensors: Tactile sensing enables
robots to perceive fine-grained contacts during manipulation.

Piezoresistive [31, 32], piezoelectric [33, 34], and conductive-
fluid [35] sensors measure dynamic contact forces with com-
pact forms, while Vision-based Tactile Sensor (VBTS) [4, 5, 7,
8, 36, 37] provide high spatial resolution at relatively low cost.
However, traditional tactile sensors are inherently limited to
in-contact perception. STS sensors address this limitation by
integrating tactile and visual perception [14, 18–25], typically
replacing opaque coatings of VBTSs with semi-opaque or
transparent alternatives [18, 23, 24] for continuous perception
before, during, and after contacts. Existing implementations
commonly alternate between tactile and visual modes us-
ing illumination control [18, 19, 22, 23], mechanically actuated
elastomers [27], or PDLC films [20, 21]. Other extensions in-
corporate UV-excited fluorescent markers [19, 25], and stereo
vision [23, 25, 28]. Such mode switching often relies on task-
specific heuristics, introducing control complexity and poten-
tial errors (e.g., millimeter-level error in sensor-object distance
estimation [18, 27]; second-level delays during actuation [24,
27]). TacThru enables simultaneous tactile-visual perception
with a fully transparent elastomer, persistent illumination, and
robust keyline markers with efficient tracking.

Multimodal Manipulation with STS Sensors: STS sen-
sors’ visual-tactile sensing mitigates the inherent limitations
of individual sensing modes: tactile feedback provides precise
contact information but remains local and sparse [10]; vision
offers a wider spatial context but fails during occlusion or con-
tact. This multimodal approach improves object pose estima-
tion [22, 26, 28], slip detection [15], material recognition [13],
in-hand manipulation [10], and visual servoing [18, 22, 24, 27],
allowing unified sensor solutions for object localization, ap-
proach, and interaction. We further demonstrate STS sensors’
utilities in a series of diverse real-world tasks via TacThru.

Learning with Multimodal Sensing: Learning-based
manipulation policies encode multimodal sensory streams into
unified representations or tokens. Visual data processing em-
ploys Convolutional Neuron Network (CNN) or Transformer
encoders [38–42], while tactile integration strategies vary by
signal types: low-dimensional inputs (e.g., piezoelectric con-
tacts) are processed via Multi-Layer Perceptrons (MLPs) [43–
45], while VBTSs utilize specialized encoders for high-
resolution images [46–49] or extracted features (e.g., contact
depth, marker displacement) [50, 51]. Despite these advances,
STS sensors’ integration into learning frameworks remains
largely unexplored [24]. We integrate TacThru into an imi-
tation learning framework, TacThru-UMI, and demonstrate
that simultaneous multimodal perception enables superior per-
formance in fine-grained and contact-rich manipulation.

III. TACTHRU

TacThru achieves simultaneous tactile-visual perception
through three design principles: fully transparent elastomer
for clear visual access, persistent illumination to eliminate
modal switching, and robust keyline markers for reliable tactile
tracking. TacThru maintains compatibility with the standard
VBTS fabrication pipeline, differing primarily in elastomer
material to allow easy adoption.
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A. Transparent Elastomer with Persistent Illumination

Existing STS designs preserve traditional VBTS depth es-
timation by semi-transparent coatings [20, 21, 23], switchable
illumination [23], or movable components [27], but compro-
mise visual clarity and require explicit, task-specific switching
mechanisms. We adopt a fully transparent elastomer with
persistent LED illumination, trading depth perception for con-
tinuous visual perception. The illumination includes a 24-bulb
LED array (RGBW for VBTS-compatibility, or white-only for
visual clarity) surrounding the elastomer. Diffusion films are
applied to both the LEDs and the underlying acrylic plate
surfaces to produce uniform, diffuse lighting and suppress
interference from specular reflections.

Under this design, contact detection remains available
through two mechanisms: light reflection changes at contact
interfaces [18, 22, 52] and marker divergence from elastomer
deformation [24]. This design explicitly prioritizes global
contact state and visual context at the fingertips over fine-
grained surface geometry reconstruction, aligning with recent
literature identifying these modalities as critical for robust
contact-rich manipulation [1, 18, 22, 24, 44, 52–54].

B. Keyline Markers

Elastomer transparency creates two marker detection chal-
lenges: (i) degraded detectability: conventional solid markers
become invisible against matching backgrounds; (ii) noisy
detections: environmental objects with blob-like appearances
generate false detections. To address the detectability issue,
we introduce keyline markers: two concentric circles with
contrasting colors, ensuring the inner edge remains visible as
a detectable “keyline” regardless of background.
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Fig. 2: TacThru’s fabrication and integration in TacThru-UMI.
(a) The keyline markers are fabricated by sequentially spraying inner
(black) and outer (white) markers on a transparent elastomer. (b-
c) TacThru-UMI includes a robot end-effector (left) and a data
collector (middle) with identical body and TacThru fingers. The
end-effector’s fingers are actuated by a servo electric cylinder (right).

As shown in Fig. 2ab, the markers are fabricated by
sequentially painting inner circles (black, rin “ 0.6mm) and
outer circles (white, rout “ 1.0mm) using laser-cut masks.
We deploy Nm “ 64 markers with spacing dmarker “3.5mm
(d̃marker = 51 px in pixel coordinate) on our 40mm ˆ 40mm
elastomer. Design constraints include: camera focus distance
that enables both marker detection and visual perception,
marker size that balances detectability with minimal visual
occlusion, and spacing that exceeds the maximum marker
deviation to prevent tracking ambiguity.

C. Robust and Efficient Marker Tracking

Although keyline markers solve the fundamental detectabil-
ity problem, environmental noise and large contact defor-
mations still cause tracking failures. We employ Kalman
filtering [55] for tracking each marker’s state (position in
image) xt PR2 at time t based on its measurement (detected
position) zt PR2 following:

xt “Atxt´1 `wt, zt “Htxt `vt. (1)

We adopt a Random Walk model (At “ I2) with direct position
observation (Ht “ I2). Process and measurement noises wt „
N p0, Qq, vt „N p0, Rq are parameterized by Q“σ2

wI2, R“
σ2
vI2. Computationally, at timestep t, we perform the standard

Kalman Filter steps: (i) Predict the prior state estimate x̃t and
covariance P̃t (Eqs. (2) and (3)). (ii) Update the posterior state
x̂t and covariance P̂t based on measurement zt and computed
Kalman Gain Kt (Eqs. (4) to (6)). x̂0, P̂0 “ εI2 are initialized
based on sensor model with low uncertainty (e.g., ε“ 10´3).

x̃t “Atx̂t´1 “ x̂t´1 (2)

P̃t “AtP̂t´1A
T
t `Q “ P̂t´1 `Q (3)

Kt “ P̃tH
T
t pHtP̃tH

T
t `Rq´1 “ P̃tpP̃t `Rq´1 (4)

x̂t “ x̃t `Ktpzt ´Htx̃tq “ x̃t `Ktpzt ´ x̃tq (5)

P̂t “ pI2 ´KtHtqP̃t “ pI2 ´KtqP̃t (6)

Measurement acquisition zt (marker’s detected position) from
sensor image It involves:

a) Grayscale: : Conver the image to a grayscale iamge:
Igs,t ÐGrayscalepIq.

b) Thresholding: : Set pixels to binary based on a
threshold τi to reveal markers edges and suppress low-contrast
background edges: Ibin,tpu, vq Ð pIpu,vq

gs,t ą τiq, where pu, vq is
pixel coordinate and p¨q is an indicator function .

c) Blob Detection: : Extract blob detections Zt : tzu “
BlobpIbin,tq with OpenCV SimpleBlobDetector.

d) Data association:: Match the nearest blob for each
marker as measurement: zt “ argminzPZt

}z´ x̂t´1}, which
rejects potential environmental noises.

In extreme cases (e.g., catastrophic elastomer deformation
and ambient lights), a few markers may become temporarily
undetectable, and zt might be mis-matched to surrounding
blobs. We enforce a marker motion continuity constraints: if
the inter-frame displacement }zt ´ x̂t´1} ą τz , we reject zt by
setting Kt “ 0 instead of Eq. (4), then the state estimate holds
x̂t “ x̂t´1 and the covariance accumulates (P̂t “ P̂t´1 `Qľ
P̂t´1). τz should be selected to upper bound both the largest
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possible inter-frame marker displacement and half the marker
spacing d̃marker

2 .
To determine the parameters, we first calibrate σv “ 0.42 px

using sensor recordings with no marker motions, and empir-
ically tune the noise ratio η “ σv

σw
« 4 (thus σw “ 0.11 px) to

balance tracking responsiveness with stability. τi “ 0.784 (200
in UINT8) and τz “ 10px are determined empirically.

D. Evaluation on Marker Tracking

We evaluate the proposed marker tracking algorithm by
comparing keyline and solid marker designs. Fig. 3a shows
two TacThru sensors mounted on the UMI data collec-
tor [30], one with keyline markers and one with solid black
markers. Fig. 3b illustrates the challenge: solid markers be-
come invisible against black backgrounds; keyline markers
remain detectable but are subject to environmental noise.

We collect 8 trajectories (1628 frames per sensor), grasping
a plastic bottle with complex black-and-white text. TacThru
positions are swapped for half of the trajectories to ensure
fair exposure to environmental conditions on both sides, and
the bottle is rotated 90˝ between collections, creating marker
overlays with various areas around the bottle. We quantita-
tively compare three tracking approaches:
‚ Solid: Solid markers with standard blob detection.
‚ Keyline: Keyline markers with standard blob detection,

matching detected blobs to nearest initial positions.
‚ Keyline, filtered: Keyline markers as above, with our

Kalman filtering strategy (Sec. III-C).
Fig. 3c presents quantitative results. Solid markers exhibit

frequent missed detections, leading to incomplete tactile infor-
mation. Keyline marker detection reports more than Nm “ 64
markers due to environmental noises (orange dashed box).
Our filtering strategy rejects these false positives, maintaining
persistent tracking of all markers with an average latency of
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Fig. 3: Keyline marker design and filtering enable robust tracking.
(a) Evaluation setup compares two marker types (keyline vs. solid
markers) during bottle grasping. (b) TacThru view comparison
shows that keyline markers (left) remain distinct against complex
backgrounds, while solid markers (right) become invisible. (c) Quan-
titative results demonstrate our filtered keyline method achieves
stable tracking of all 64 markers while keeping efficiency (6.08ms
processing time), and the filtering step rejects false positives.

6.08ms with low CPU overhead. This efficiency supports
timely updates on the latest sensor observations, reducing
temporal misalignment with other sensory modalities (e.g.,
vision and proprioception in Sec. IV) and saving time budget
to enable high-frequency (e.g., 120Hz) operation.

We further measure the time consumption of each computa-
tion step during the sensor loop in Fig. 4, evaluated on a work-
station with an AMD Ryzen 9 5950X CPU. The computational
load of undistortion and marker tracking remains consistently
low, and the process is mainly blocked at the image read-
in step (VideoCapture.read() or .retrieve()) due
to the UVC protocol and OpenCV behaviors. This confirms
TacThru’s practical capability to operate at a high frequency.

IV. LEARNING MANIPULATION WITH TACTHRU-UMI

Although previous studies show invaluable applications of
STS sensors with task-specific controllers [10, 14–20, 22, 23,
25–27], we apply TacThru to robotic manipulation based
on imitation-learning, using its simultaneous tactile-visual
perception for fine-grained and contact-rich tasks. We develop
the TacThru-UMI imitation learning framework, extending
the UMI [30] and the Diffusion Policy [56] with multi-
modal tactile-visual observations. Evaluations across multiple
tasks highlight the sensor’s multimodal perception capabilities,
providing close-up visual observation of environments and
objects along with tactile feedback, enabling more precise
manipulation than traditional single-modality approaches.

A. System Setup

Data collector: The TacThru-UMI data collector
adapts the UMI [30] design, replacing standard fingers with
STS sensors on extended linkages (Fig. 2c). TacThrus are
connected to a computer via USB to stream real-time images
during demonstrations and policy inference.
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Fig. 4: Time consumptions of TacThru’s operation under various
frequencies. TacThru is tested in 15, 30, 60, and 120Hz, and the
time consumption of each computational step is reported. Texts above
error bars: iteration time consumption (blue) and equivalent FPS
(yellow). The small overshoots in FPS are due to the actual on-board
oscillator frequency and the UVC camera’s buffering strategy.
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   

  After insertion

Fig. 5: Task demonstrations across five manipulation scenarios. (a) PickBottle: basic pick-and-place, (b) PullTissue: thin-and-soft
object manipulation, (c) SortBolt: visual discrimination, (d) HangScissors: tactile discrimination, (e) InsertCap: multimodal fusion.
Top: Initial object configurations. Middle: Corresponding wrist-camera views. Bottom: Corresponding TacThru and GelSight images.

Robot end-effector: Although the UMI end-effector
setup is compatible with multiple parallel grippers (e.g. the
Panda Hand), we design a low-cost gripper that directly mir-
rors the data collector’s body and TacThru fingers (Fig. 2c),
with the finger width controlled by an Inspire LAS30-021D
servo-electric cylinder („ $280).

B. Data Collection and Processing

Our pipeline extends UMI [30] with TacThru (Fig. 2) and
replaces the SLAM-based pose tracking with an HTC Vive
Tracker for higher tracking success rates. While TacThru
supports 120Hz operation with marker tracking, we use a
sufficient and more widely-adopted [37, 43] frequency of
30FPS. All data streams (wrist camera, tactile sensors, and
proprioception) are synchronized to wrist-camera timestamps
and stored in Zarr format for efficient training access.

C. Policy Learning and Inference

We employ a Transformer-based Diffusion Policy [56, 57] to
learn mappings from multimodal observations to robot actions,
allowing dynamic attention across simultaneously provided
visual, tactile, and proprioceptive signals.

The system architecture is illustrated in Fig. 6. At
timestep t, the observations include wrist-camera frames Itw :“


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









 



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

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Diffusion Policy
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


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Fig. 6: Policy architecture. Multimodal observations (wrist camera
images, sensor images, marker deviations, and proprioception) are
encoded as tokens, and used to condition a Transformer-based diffu-
sion policy that denoises Gaussian noises into robot action chunks.

tIiwut´1
i“t´nobs

w
, sensor frames Its :“ tIisut´1

i“t´nobs
s

, marker devia-
tions ∆xt :“ t∆xi,j , j “ 1, . . . , Nmut´1

i“t´nobs
s

, and propriocep-
tion st :“ tsiut´1

i“t´nobs
p

containing the pose of the end-effector
and the width of the gripper in relative coordinates [30]. Visual
observations are encoded using DINOv2 [58]: ViT-B for wrist
cameras and ViT-S for TacThru frames (14ˆ14 patch size).
Marker deviations and proprioception use dedicated MLPs.
Each modality receives learnable embeddings (zw, zs, zx, zp)
for transformer distinguishability:

zw “
�

DINOwpIq`zw|I P Itw
(

, (7)

zs “
�

DINOspIq`zs|I P Itw
(

, (8)

zx “
�

MLPxp∆xq`zx|∆x P∆xt
(

, (9)

zp “
�

MLPppsq`zp|s P st
(

. (10)

Concatenated tokens with positional embeddings condition
the diffusion policy πθ, which denoises Gaussian samples
into action chunks [59] a“ taiut`Ta´1

i“t „πθpa|zw, zs, zx, zpq.
Each action ai includes relative end-effector pose and gripper
width targets. During execution, the first La actions (La ďTa)
are sent to the robot controller for Cartesian space servoing,
as depicted in Fig. 6 (right).

V. EXPERIMENTS

We evaluated TacThru-UMI across five manipulation
tasks spanning pick-and-place, sorting, and insertion scenarios.
These tasks systematically assess different sensing modalities:
tactile information (contact events and shear forces), visual
perception (object and environment observation), and their
simultaneous operation. Our key finding is that TacThru’s
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Fig. 7: Quantitative results across manipulation tasks and sensing
modalities. TT-M: TacThru with markers, TT: TacThru images,
GS-M: GelSight with markers, and Wrist: vision-only.



6 IEEE ROBOTICS AND AUTOMATION LETTERS. PREPRINT VERSION. ACCEPTED MARCH, 2026

 

  () 









 







visual view of boिle












 

 

Fig. 8: Representative policy rollouts. Each column (a-f) shows the temporal progression of a task execution (top down), with synchronized
views: third-person view (left), wrist camera (center), and TacThru with marker deviations overlaid (right; 4× magnified for visibility).
Annotations highlight key manipulation phases and sensing feedback. See supplementary video for additional rollouts across all settings.

multimodal feedback enriches perception of object appearance,
state, and the environment throughout the entire manipulation
process, even before contact or when handling extremely thin
and soft objects. This allows policies to leverage detailed
environmental cues for enhanced fine-grained and contact-rich
manipulation while maintaining inference efficiency.

A. Task Settings

Fig. 5 illustrates the experimental setups. Each column
shows a task with the object to manipulate (first row), wrist-
camera view during demonstration (second row), and the
corresponding TacThru and VBTS images (third row).
PickBottle: A bottle and a bowl are placed randomly.

The robot must grasp the bottle and place it in the bowl.
This basic pick-and-place task validates TacThru-UMI’s
effectiveness of imitation learning and real-world inference.

PullTissue: A tissue pack is placed randomly, and
the robot must grasp and fully extract a single tissue. Standard
tactile sensors struggle to detect contact with thin, soft paper,
making the visual modality of STS crucial for this task.

SortBolt: One of three M12×25 bolts is placed be-
tween fingertips. The robot must grasp the bolt and place it in
the corresponding bowl. Bolts vary in head shape (A: button
head; B, C: socket head) and color (A, C: black; B: silver). The
global wrist-camera view cannot distinguish these small bolts,
while traditional tactile sensing cannot separate geometrically
identical but differently colored bolts. TacThru allows for
distinguishing both color and shape through STS perception.

HangScissors: The scissors are placed between the
fingertips; the robot must grasp and hang them on a hook [43].
This requires tactile feedback to distinguish successful hanging
(triggers gripper release) from missed attempts (triggers retry).



LI AND CHEN et al.: TACTHRU 7

InsertCap: The robot must grasp a bottle cap and
insert it onto a mount, which requires millimeter-level preci-
sion alignment. Although insertion tasks are typically based
on tactile signals [50, 51], TacThru enables direct visual
servoing for the cap-mount alignment.

B. Experimental Setup

Setup and policy variants: For fair comparison, we
equip the gripper with TacThru on one finger and a GelSight-
type sensor on the other, ensuring identical training trajectories
across modality variants. We collect 62–147 demonstrations
per task (Fig. 7) and train four policy variants that form
ablations and comparisons. Of note, all policies include a wrist
camera (Itw) and proprioception (st) as the base input.
‚ TT-M: TacThru images (Its) and marker deviations (∆xt).
‚ TT: TacThru images only (Its); markers are visible but not

explicitly tracked and provided (as an ablation).
‚ GS-M: GelSight images (rectified by the idle image for

isolating contact) and marker deviations (tactile baseline).
‚ Wrist: Wrist camera only (Itw) (vision-only baseline).

Training and evaluation: We use observation horizons
nobs
w “ 1, nobs

s “ 1, nobs
p “ 2, predict Ta “ 16 action steps, and

execute the steps 3-8. Each policy is trained for 150 epochs
using the AdamW optimizer [60] (learning rate = 3ˆ10´4,
one-cycle scheduler). We evaluate each checkpoint with 20
rollouts (24 for SortBolt; 8 for each bolt) with randomized
initialization that matched the data-collection distribution.

C. Results

Pick-and-place: In PickBottle (Fig. 8a), all poli-
cies achieve near-perfect success (ě 95%), validating that
TacThru-UMI effectively integrates multimodal signals
without compromising basic manipulation. This establishes a
baseline for specialized sensing in more challenging tasks.

Thin-and-soft object perception: PullTissue re-
veals the limitations of conventional tactile sensing: thin-and-
soft exert minor pressure that is hardly detected. TacThru
overcomes this through direct visual observation of the inter-
finger workspace, providing continuous feedback on tissue po-
sition. When tissue slippage (Fig. 8b) occurs due to insufficient
grip force, while VBTS (GS-M) and vision-only (Wrist)
policies fail to notice this accident, TacThru immediately
detects the displacement and triggers corrective retry.

Visual discrimination: SortBolt (Fig. 8c) demon-
strates TacThru’s fine-grained visual discrimination of the
object. The small M12×25 bolts present significant challenges:
wrist cameras cannot resolve geometric details at mounted dis-
tances, while identical bolt shapes make purely tactile discrim-
ination impossible. TacThru’s close-proximity view captures
fine geometric features and subtle color differences. Fig. 9b
provides quantitative evidence through t-SNE visualization
of DINOv2 CLS embeddings: TacThru tokens are clearly
separated, while VBTS embeddings are more overlapped,
which are aligned with TacThru’s « 80% accuracy (TT-M,
TT) and GS-M’s obfuscation of bolts B and C (Fig. 9a).
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Fig. 9: Bolt sorting performance analysis. (a) Confusion matrices
of placement accuracies. Rows: ground-truth bolt type; columns:
executed placement (“Out”: dropping outside). TacThru policies
(TT-M, TT) achieve high performance, while GS-M confuses geo-
metrically identical bolts B and C. (b) t-SNE visualization of sensor
images’ DINOv2 CLS token. TacThru produces clearly separated
clusters, while GelSight embeddings for bolts B and C overlap.

Tactile discrimination: HangScissors (Fig. 8d) ex-
emplifies scenarios where visual observation alone cannot
determine task completion: the wrist camera cannot reliably
identify scissors-handle engagement due to 2D perception
and occlusion. Marker displacements (TT-M, GS-M) provide
tactile evidence of successful hang, vital to the precise timing
of the gripper release, preventing premature release or contin-
ued downward forces. This justifies the rationale of explicitly
extracting the marker deviations of tactile signals.

Multimodal fusion: InsertCap (Fig. 8e-f) presents
the unique advantage of TacThru: simultaneous access to
visual and tactile information enables the selection of adaptive
strategies. When the cap-mount interface remains visible (15
/ 20), the policy employs visual servoing, directly align-
ing visual features for precise insertion (Fig. 8e). However,
when the grasp degrades this visual perception (5 / 20),
the policy seamlessly returns to tactile-based insertion, using
marker displacement patterns to detect contact and guide
alignment (Fig. 8f). This adaptive behavior is enabled by (i)
the TacThru’s simultaneous visual-tactile perception, and
(ii) Transformer-based policy’s capability to properly attend
to multimodal signals, acquired from the demonstration data
without explicit rule-based programming.

D. Discussions

Our experimental results reveal three key insights on tactile-
visual perception for learning multimodal robot manipulation.

Encoding TacThru images with DINOv2: Despite
the domain gap introduced by markers and the elastomer, we
find DINOv2 effective in capturing meaningful features from
TacThru images for downstream policies. This performance
stems from DINOv2’s strong generalization capability, thanks
to its discriminative self-supervision training on a large, di-
verse, and curated dataset (LVD-142M) [58], facilitating zero-
shot transfer to unseen image domains [58, 61–63] in practice.
We further validate this effectiveness by performing PCA on
DINOv2 patch tokens extracted from our demonstration data
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Fig. 10: Principal Component Analysis (PCA) heatmaps of DINOv2 image tokens. Colors are computed by normalizing patch tokens’
coefficients of the first three principal components to RGB space.

(Fig. 10), covering both contact and non-contact scenarios.
By mapping the first three principal components’ coefficients
to RGB channels [58], we visualize the token similarities of
the patch tokens. The resulting heatmaps demonstrate that
DINOv2 distinctively separates markers, manipulated objects,
and background elements (e.g., the opposing finger), despite
minor noises. This confirms that DINOv2 is capable of pro-
viding clear, structured cues for downstream policy learning.

Adaptive multimodal strategies: Policies trained with
TacThru naturally learn to weight sensing modalities based
on the current context, as demonstrated in InsertCap, where
the same policy employs vision-based alignment when visible
and tactile-based insertion when occluded. This adaptive be-
havior emerges without explicit programming, suggesting fun-
damental advantages of simultaneous over sequential sensing.

Overcoming conventional tactile limitations:
TacThru uniquely handles scenarios where traditional
tactile sensors fail. E.g., thin objects such as tissue generate
insufficient forces for tactile sensors but remain visually
observable through TacThru. This expands the range of
manipulable objects for tactile robotics.

Practical deployment viability: Despite significant do-
main differences due to transparent elastomer, marker over-
lays, and contact deformations, standard pre-trained visual
encoders prove sufficient for robust policy learning. This find-
ing substantially reduces implementation barriers and suggests
that TacThru can be integrated into existing vision-based
manipulation pipelines with minimal modification.

Sensor Failure Modes: While TacThru robustly han-
dles nominal contact forces, it shares specific failure modes
with other elastomer-based sensors, being susceptible to elas-
tomer delamination under extreme loads or sharp indentation.
Integrating reinforced surface materials (e.g., stretchable pro-
tective layers [64]) represents a viable solution for enhancing
durability. Besides, extremely high-intensity ambient illumina-
tion can interfere with the camera’s auto-exposure, reducing
marker contrast and causing missed detection. While it can be
mitigated by manually decreasing the thresholding parameter
τ , we identify the adaptive exposure control as a valuable

feature for future research.

VI. CONCLUSIONS

We introduce TacThru, an STS tactile sensor that provides
simultaneous tactile and visual perception through transparent
elastomer, persistent illumination, and keyline marker track-
ing. Integrated within our TacThru-UMI imitation learning
platform, it demonstrates superior performance across various
manipulation tasks, addressing the fundamental limitations of
existing tactile sensing while maintaining compatibility with
standard vision pipelines.

The accessible design and open-source TacThru-UMI
platform position this work as a practical enhancement for the
manipulation research community. Future directions include
large-scale data collection combined with synthetic tactile
simulation [50, 51, 65] to support pre-training of specialized
encoders, and exploration of complex dexterous tasks that fully
leverage TacThru’s simultaneous sensing capabilities.
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