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1 Details of exUMI Hardware Design

We gave a brief introduction to the hardware and algorithms for exUMI due to the page limit. Below
are the details of our system.

1.1 Hardware
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Figure 1: An exploded view of the enhanced tactile sensor design. We enhance the 9DTact for
stability and quality control. We add an inverted bevel to the sensor shell to secure the black silicon
gel and prevent it from detaching.

Magnetic Rotary Encoder. We propose a low-cost AS5600 magnetic rotary encoder solution to
achieve accurate and robust gripper state capture. AS5600 is a contactless rotary position encoder
that utilizes Hall effect sensing to measure angular position. As shown in Fig. 3, we modify the
top cover of UMI to attach a radial magnet to one of the joints of the mechanical assembly, with
the Hall sensor positioned above it at an appropriate distance (~ 2 mm). The AS5600 provides
high-resolution 12-bit position readings (4,096 positions per revolution) and communicates with the
single-board computer through the I2C protocol. This solution offers a higher sampling rate and
resolution, immunity to visual occlusion, and negligible computational overhead.

AR Motion Capture System. To overcome the limitations of vision-based tracking (SLAM) in
occluded or complex scenarios, we adopt an AR-based approach for end-effector pose estimation.
Following ARCap [1], our system uses a Meta Quest 3 headset for 6D pose motion capture, which
is accurate and robust to occlusion. We integrate the left VR controller through a custom-designed
mount attached to the UMI body, and use the headset to track the 6D pose of the controller. The
mount also provides additional space for the power supply and an Orange Pi controller, serving as
a universal sensor hub, synchronously capturing data from the AR headset, rotary encoder, and any
additional sensors, such as tactile sensors.

Submitted to the 9th Conference on Robot Learning (CoRL 2025). Do not distribute.



21
22
23

24
25
26

27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46

47
48
49
50

51

52
53
54

Component | Base Cost ($)

© Gaec .

::5 B iﬁ: GoPro 11 + Accessories 298
“V T sl Meta Quest VR Headset 299

cflile Orange Pi 3B/ 35

AS5600 Board AS5600 Magnetic Encoder 1

3D Printed Parts 15

Radial Magnet Visuo-Tactile Sensors 30

Misc. (Power Bank, Cables/Screws/Nuts) | 20
Figure 3: Detailed view of AS5600 sensor ~ Total Cost of exUMI | 698

on exUMI. . .
Table 1: Bill of materials (BOM) of exUMI.

The orientation of the VR controller is arbitrary since the transformation between the controller and
UMI coordinate frames will be determined through our calibration pipeline. This flexible mounting
approach simplifies the assembly and avoids precise physical alignment.

Visual Input. Same as the UMI [2], we employ a GoPro camera with a fisheye lens as our primary
visual input. We move the camera forward following FastUMI [3] for a wider and clearer view. The
camera positioning eliminates body occlusion in the field of view to enhance transferability.

Fingertip Visuo-tactile Sensors. We improve 9D-Tact [4] as a low-cost and DIY-friendly tactile

senser for exUMI. As shown in Fig. 1 and Fig. 2,

our enhancements involve: (1) We redesigned the sen-

sor shell to securely anchor the top silicone layer, en- Level of

hancing its resistance to tangential forces and ensur- ' /;m—m / Opaque gel
J

Fabrication mold

ing long-term stability. (2) The LED board was mod-

ified to incorporate a more robust 2-pin header con-

nector for stable power delivery. Compared to USB \

cables, Dupont connectors offer superior cable man-
agement flexibility. Plus, the LEDs were rearranged
to minimize power consumption—a critical factor for
our embedded system’s efficiency. (3) A custom mold
was developed to precisely control the silicone layer’s
thickness. The mold is affixed to the sensor shell, al-
lowing controlled pouring of transparent, translucent,
or opaque liquid silicone until it reaches the desired
level (Fig. 2). Excess silicone is then removed by care- Figure 2: The mold for stable fabrication
fully scraping along the mold’s surface with a spatula. of the tactile sensor.

The upgraded sensor design achieves significantly en-

hanced durability and stability. Please refer to the supplementary for more fabrication details.

Level of
Translucent gel

Level of
Transparent gel

Sensor shell

Cost and Accessibility. We show the overall bill of materials in Tab. 1. Our system is low-cost
with a minimal configuration starting at $ 698, which can be further reduced by substituting the
GoPro with alternative fisheye cameras. Our design emphasizes DIY-friendly assembly and readily
available components, making it suitable for research/education. All design files will be released.

1.2 Data Collection and Processing

AR Capture Interface. Building upon the remarkable engineering of ARCap [1], we simplify the
socket-based data transfer interface for the 6D pose capture process. The collection procedure is as
follows:

1. Initialize the server program on the Raspberry Pi.

2. Launch the client application on the Meta Quest headset.

3. Set up the base coordinate frame in AR space.

4. Begin data streaming of real-time 6D controller poses to the Raspberry Pi.
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Algorithm 1 Latency alignment algorithm

Input: Trajectories f(t) and g(t), timesteps {¢;}7_,, bounds of latency d,nin Smax
Input: Constants: ¢ = 0.0001, search window N, search splits M
Output: Latency 6 of g(¢) such that f(t) ~ g(t + 6*)

1: repeat

2:  Interpolate the interval [0,,in, Omaz] into M segments: dg, 1, - ,0ns

3 k=ming Yo, ||£(t) — g(ti + 6|3

4: 0* = O

5:  Omin, Omaz < Ok—N,0k+nN  (update the search range to the neighborhood of d,)
6: until 5ma1‘ - 5'rnin <e€
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Figure 4: Comparison of AR MoCap trajectory and ground truth trajectory.

Calibration of AR Latency. To synchronize AR motion capture with the visual inputs, we designed
a calibration protocol involving horizontal sweeps in front of a stationary ArUco marker. We extract
the x-axis movement of the AR MoCap system and the camera-detected marker trajectories, then use
a bisection-style optimization algorithm to align the two trajectories and compute the latency of the
AR system. Specifically, given the two 1-dimension trajectories on timesteps {t;}7_,, we convert
them to two function f(t) g(t) w.r.t time ¢ by interpolation, which is then calibrated by minimizing
the MSE error between the two trajectory. The details are given in Alg. 1.

Data Collection and Processing Pipeline. Compared to the original UMI system, our data collec-
tion and processing pipeline is significantly simplified and more robust:
1. Set up the desired environment.
Initialize AR tracking system on the Raspberry Pi.
Record latency calibration sequence (one video).
Record demonstration videos.
Calculate and apply temporal latency correction.
Align AR capture data to the video frames through interpolation.

Nk »Dd

Pack synchronized data.

1.3 System Evaluation

Proprioception Precision. We first evaluated the precision of our proprioception system, particu-
larly for the AR-based MoCap system. We obtained both ground truth and AR controller trajectories
by mounting the AR controller on the robot end-effector and teleoperating the robot. We evaluate
the system by moving the robot within a 50 cm range. The resulting 6D pose differences between
the estimated and ground truth values are presented in Fig. 4 The system demonstrates remarkable
accuracy, achieving mean position errors of 5.4 /2.3 / 1.7 mm at each axis. The rotation errors are
below 1 degree (notably small due to the robot’s limited rotation range). The x-axis error reaches a
maximum of 20 mm since it is the depth axis in the Flexiv coordinate system and inherently presents
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Figure 5: An example of AR MoCap and Vision trajectory before (left) and after (right) alignment.

greater measurement challenges. These high-precision measurements enable efficient robot policy
learning by providing high-quality training data.

Latency Calibration. We give a qualitative visualization of our latency calibration algorithm in
Fig. 5. The x-axis trajectory of the AR MoCap system and the visual input (represented as the
trajectory of the ArUco marker) are perfectly aligned after our calibration system, and we can read
the time offset for further modality alignment. With proper sweeping frequency, our system could
consistently achieve less than 5 ms latency error.

Key Takeaways

We provide an accurate, extensible, cost-effective, and DIY-friendly enhancement to the
UMI system. Our solution is particularly valuable if you need:

e Enhanced Tracking Precision: Achieve ~100% data effective ratio in diverse environ-
ments by our AR-based MoCap system and the magnetic rotary encoder for gripper state.

o Non-Parallel Gripper Support: An alternative design is provided for more popular in-
dustrial grippers like Flexiv Grav or Robotiq 2F series with an adaptable mechanical design.
e Multimodal Sensing: Including tactile, audio, or other custom sensors through our mod-
ular hardware interface.

All components are commercially available, and the fabrication details will be opened soon.

2 Detailed Taxonomy of Tactile Representation Learning

We give more details of our discussion on the current taxonomy of tactile representation learning.

The target of tactile representation learning is to learn a tactile encoder & for the tactile data, to
facilitate further multimodal policy learning:

m(ar11|Es(st), Er(Te), Ev (V). (1)

Current tactile representation methods fall into three dominant paradigms, each with specific advan-
tages and fundamental constraints:

(a) Direct Multimodal Imitation Learning [5, 6, 7, 8, 9]. This approach trains end-to-end mul-
timodal policies in Eq. 1 using paired tactile-visual-action data, and learn the tactile representation
¢7. While effective for narrow tasks, it suffers from tactile data scarcity since, in most regular robot
tasks, the tactile contacts only occur in very few frames. The method also inherently couples task
objectives with tactile features, limiting cross-task transferability.

(b) Spacial Self-Supervised Learning [10, 11, 12, 13]. Self-supervised learning (SSL) is adopted
for a generic and transferable tactile representation, and it has been widely adopted for frame-level
tactile pretraining. Methods like contrastive learning [10, 11, 12] and masked learning [13] learn
tactile embeddings E7(T;) through proxy objectives on task-agnostic unlabeled data. While reduc-
ing human annotation costs, SSL usually imposes incorrect inductive biases borrowed from vision:
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Total Frames

Proprioception Collection

Dataset Data Scale  Tactile Sensor Tactile Active Frames

/ Action Source
Calandra et al. [16] 6.5 K GelSight v Robot
Calandra et al. [17] 9.3K GelSight v Robot
VisGel [14] 120K GelSight v Robot
Burka [18] 1.1 K Multiple 4 Human
Touch and Go [19] 139K GelSight X Human
ObjectFolder Real [20] 3.0K GelSight v Robot
SSVTP [21] 45K DIGIT v Robot
TVL [22] 437K DIGIT v Robot
Touch2Touch [23] 323K Multiple v Robot
X-Capture [15] 30K DIGIT X Human exUMI Teleoperation
Ours (ra‘tf(égnl;s) 9DTact+ v Human Figure 6: Comparison of
per-hour tactile data col-
Table 2: Comparison of real-world tactile datasets. lection efficiency.

for instance, masked learning assumes geometrical self-consistency, but tactile signals could be vi-
sually arbitrary; contrastive learning usually assumes translation invariance, which may not exist in
tactile sensing. It is challenging to design a self-supervising proxy objective for a robot task.

(c) Visual-Tactile Alignment [14, 15]. Cross-modal alignment learns joint embeddings by maxi-
mizing in-pair similarity s (E7(T}), Ev(V¢)) of visual and tactile modalities. Though it is effective
for visual-language learning, it fundamentally assumes a coarse one-to-one visuo-tactile mapping,
regardless of the actual one-to-many relation: with different contact forces, identical visual scenes
yield divergent tactile signals. The multimodal alignment also overlooks that visual and tactile sens-
ing are complementary rather than well-aligned. For robot learning, tactile sensors are a complemen-
tary information to the visual input, but the alignment method discards this privileged information.

Currently, these pretraining approaches face limitations that stem from a shared oversight: treat-
ing tactile signals as static observations rather than action-aware dynamic processes. Hence, our
framework bridges this gap by reformulating tactile representation as an action-conditioned tempo-
ral prediction problem, explicitly modeling the forward tactile dynamics that underpin real-world
contact interactions.

3 More Implementation Details

Tactile Data Curation. Since active tactile signals are sparse in real-world data collection, we
adopt a data rejection strategy during data sampling to avoid trivial samples. For each data chunk,
we check the proportion of active pixels for each tactile frame. If the active proportion of all frames
is below a certain threshold, the data chunk will be discarded and resampled.

Implementation Details. For each timestep, our exUMI collects two tactile images on the two
sides of the gripper. We convert the images to a calibrated grayscale image following 9DTact [4],
and extract the convex and concave pixel map by comparing the grayscale image to the reference
image (tactile signal at no contact). The grayscale image, convex map, and concave map are stacked
as a 3-channel image for a richer representation of tactile contacts.

We pretrain the tactile representation on our large-scale human play dataset, which is randomly
split into a training and validation set by 15:1. The action sequence is represented as the relative
pose and the gripper state. The images on two sides are concatenated and then downsampled to
224 %224 resolution. We use a pretrained VAE model (KL-F16) as the encoder and decoder for
tactile learning. The tactile prediction is conducted in 8 temporal frames, where 4 random frames
in the first half are regarded as input and 4 frames in the second half are the prediction target. We
adopt a larger frequency for action following Li et al. [24]. The tactile prediction model reaches
quick convergence due to the simpler distribution of tactile sensing.

Environment Details. The camera and sensors are connected to a master computer with a
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RTX 4070 GPU, which controls the robot at a fre-
quency of 10 Hz. As illustrated in Fig. 7, we designed
a pipe clamp-style camera mount and gripper tactile
sensor mount to exactly replicate the end-effector sen-
sor placement of the exUMI system.The mount con-
sists of two half-rings, one integrated with a standard
GoPro mount. This design can be attached to the
Flexiv Grav gripper base, and also adaptable on var-
ious other end effectors.

Half-ring with
Camera Mount

Half-ring with
Sensor Board Mount

Figure 7: Pipe clamp style GoPro mount
for deployment.
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