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I. INTRODUCTION

In this proposal, our team from Purdue University presents
a multimodal imitation learning approach to achieving fully
autonomous bimanual robotic manipulation. By leveraging
visuo-tactile sensing and supervised learning policy, our solu-
tion aims to enhance manipulation precision and generalizabil-
ity across diverse specific tasks and different robotic platforms.
It is designed to address the core challenges of the Table
Service Operation and the Packing Challenge in Logistics
tasks, in terms of operational speed, system reliability, and the
learning curve for policy implementation.

In both tasks, one of the core challenges is the precise
alignment of targeted objects. For instance, in the table service
operation task, the alignment of the box and lid directly affects
the success rate of closing the lid. However, relying solely on
vision-based sensing is insufficient, for robotic components
inherently occlude the target objects during and after grasping
[1]. In tasks involving limited vision information and delicate
physical interactions, such as reorienting and placing a wine
glass, tactile sensing plays a crucial role, as vision alone cannot
capture the fine-grained contact dynamics essential for robust
manipulation [2].

This limitation motivates our approach, which introduces
innovations in both hardware and algorithms to effectively
integrate tactile sensing into vision-based policy learning.
Our lab specializes in both hardware development, including
tactile sensor design [1], [3], [4], imitation learning [5], [6],
specifically visuo-tactile imitation learning [7], and visuo-
tactile manipulation [8], [9]. Our expertise in combining vision
and tactile sensing for bimanual robots positions us well to
address the challenges presented in this competition.

II. KEY MOTIVATORS FOR OUR APPROACH

Pre-trained policies, such as my [10], have demonstrated
great potential in unlocking the full capabilities of flexi-
ble, general, and dexterous robotic systems. These hardware-
agnostic learning models can be fine-tuned for diverse tasks
and adapted to various robotic platforms. However, achieving
the level of generality required for zero-shot real-world appli-
cations remains a challenge due to its reliability on fine-tuning
with high-quality data.

As a stable, easy-to-train, and well-established visuomotor
learning model, Diffusion Policy [11] stands out as an effective
approach for dexterous manipulation. Its generalizability and

Fig. 1. (a): Previous tactile sensor implementation (b): UMI gripper on URS5e,
(c): Camera view during first policy rollout

transferability make it particularly well-suited for the biman-
ual competition tasks. Moreover, its effectiveness in policy
learning has been demonstrated across real-world applications
involving diverse objects manipulations and complex robot-
object-environment interactions [12], [13].

To enable portable, low-cost, and information-rich data
collection for bimanual and dynamic manipulation demon-
strations, the Universal Manipulation Interface (UMI) [14]
facilitates direct skill transfer from in-the-wild human demon-
strations to deployable robot policies. To enhance the UMI
gripper with tactile sensing capabilities, we plan to integrate
3D-ViTac tactile sensors [15], as successfully demonstrated
in previous experimental trials in our lab (Fig. la). This
multimodal representation, combining visual and tactile data,
can then be leveraged within diffusion policies for imitation
learning, further improving precision and adaptability in ma-
nipulation tasks.

Since the competition sponsors and organizers support the
interchangeability of grippers on the provided hardware (ARX
X7, Galaxea R1), we are excited about integrating our cus-
tom grippers and algorithms into emerging products in the
bimanual robotics industry. By enhancing precision and object
identification in these tasks, we aim to develop a simple-to-
train, plug-and-play solution that is both widely effective and
adaptable for bimanual manipulation.

III. TECHNICAL APPROACH
A. Core Methodology: Multimodal Imitation Learning

Our approach employs a visuo-tactile diffusion policy
trained through supervised policy learning to achieve high-
precision manipulation.
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Fig. 2. Visuo-tactile Diffusion Policy Pipeline

On the hardware side, we propose a pair of integrated UMI
grippers embedded with 3D-ViTac tactile sensors for both data
collection and operation in bimanual tasks. Leveraging the
open-source SDK and URDF from ARX X7/Galaxea R1, we
anticipate that the integration of these new grippers will sig-
nificantly enhance the hardware performance of the bimanual
robots. However, a key challenge lies in embedding tactile
sensing into data collection devices and robotic grippers while
ensuring both efficient grasping and high-quality, scalable data
collection.

After successfully replicating UMI grippers in our lab (Fig.
1b), we deployed the UMI gripper in real-world experiments
and tested our first trained policy on a pick-and-place task as
well as the cup arrangement policy [14] (Fig. 1¢). Although the
gripper experienced some jiggles and vibrations, we believe
that its performance can be significantly improved with better
training data and policy fine-tuning in the coming weeks.

On the algorithmic side, we introduce a two-stage adaptation
of a pre-trained diffusion policy to enable the fine-tuning of
large image-based models on tactile robot sensor modalities
(Fig. 2). After data collection, we plan to use Rerun or Open
X-Embodiment to visualize and analyze our dataset. The first
stage involves vision-only pre-training, leveraging high-quality
datasets. In the second stage, we implement tactile-aware fine-
tuning, dynamically integrating and weighting features from
tactile sensing. A critical aspect of this process is cross-
modal synchronization, requiring hardware-triggered times-
tamp alignment between vision and tactile streams to ensure
accurate data fusion.

To implement this approach at the policy layer, we need to
explore two key directions. First, we aim to utilize tactile
pre-training and representation learning to extract meaningful
features from tactile input. Second, we focus on developing
methods to integrate large-scale open-source visual data with
a limited amount of tactile data to train a unified visual-tactile

policy.

B. Innovation: Novel Sensor-Policy Co-Design

To not only address the challenges of standardized bench-
marking tasks in the WBCD competition but also foster
collaboration between researchers and industry professionals
to bridge the gap between industry metrics and academic
research, we propose three key novelties in our solution and
their potential impacts.

The first novelty lies in the realization of high-quality
tactile representation in an effective and cost-efficient manner.
Converting raw tactile data into a high-quality representation
for policy learning in a cost-effective way is crucial for
industrial policy implementation.

The second novelty focuses on optimizing the balance
between different multimodal data contributions, particularly
leveraging varying amounts of visual and tactile data (e.g.,
10,000 visual samples vs. 100 tactile samples) to achieve
optimal learning efficiency. This directly relates to the effec-
tiveness of our cross-modal data fusion strategy.

The third novelty addresses the challenge of fine-tuning
a diffusion policy that is initially trained on visual data to
seamlessly incorporate tactile sensing without disrupting prior
visual training.

IV. WHY OUR APPROACH IS EFFECTIVE:

The primary challenge in table service operations is achiev-
ing precise box-lid alignment, which is difficult for vision-
based systems due to occlusions. Vision data under occlusion
struggles to accurately detect lid edges, limiting the system’s
ability to generate precise alignment commands. In contrast, a
tactile-enhanced gripper provides a more effective solution by
utilizing stress-strain feedback [16]. This tactile input enables
fine-grained edge detection, allowing for better interpretation
of contact dynamics and improving the success rate of lid/box
alignment.

In logistics packing tasks, our multimodal system enhances
performance in several ways. It enables faster adaptation to
novel objects by leveraging the generalization capability of
pre-trained policies, allowing the system to handle a wide
range of items without extensive retraining [17]. Additionally,
it improves grasp stability through contact-aware force sens-
ing, ensuring more secure and reliable object handling [18],
[19]. Furthermore, the system enhances object identification
and sorting by utilizing a multimodoal algorithm, which re-
fines classification and placement based on tactile feedback
[20].

V. CONCLUSION

With this multimodal imitation learning solution, our frame-
work leverages diverse data sources to enhance the perfor-
mance of bimanual robots. Its ability to generalize across
different platforms is essential for providing robust and trans-
ferable solution for bimanual robotics in both research and
industry settings. By integrating visuo-tactile sensing, policy
learning, and bimanual hardware, we aim to establish a new
benchmark in WBCD’s manipulation tasks.
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