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OVEI’VIEW: PolyUMI is an integrated hardware and software system for training and deploying imitation learning policies. Building on the

Universal Manipulation Interface [1] and PolyTouch [6], it is the first such system to enable collecting synchronized visual, auditory, tactile, and
proprioceptive data from human demonstrations in-the-wild. We open source this platform for the community to use alongside our own research.

Introduction

System Overview

POLYUMI END-EFFECTOR PolyUMI Gripper: Handheld system for collecting human
(FRANKA HAND) demonstrations in any environment. Fully wireless, with 5
hrs of battery life and no need for an external PC —
recording starts & stops with the press of a button.
Controlled by a Raspberry Pi Zero 2W.

Project Aims:

e Incorporate & evaluate a novel
set of sensor modalities for a
UMI platform, toward improved
performance on dexterous +
contact-rich manipulation

PolyUMI End-Effector: Modular system for mounting the
PolyUMI finger + other sensors to a robotic arm (currently
the Franka Panda). Sensor layout and geometry is
identical to the Gripper, to smooth domain transfer from
gripper-based training to arm-based inference.

e 100% open source, using
commodity parts where possible
for reduced BOM cost & ease of
manufacture

e Modular HW/SW design to
enable rapid prototyping &
iteration across entire system

POLYUMI GRIPPER

PolyUMI Control: ROS2-based system to ingest data
: streamed from the End-Effector and arm, make client
. : requests to the Inference Server, and control the arm
%y Gontrol accordingly. Runs on NUC, user PC, or GPU server.
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Comparison with similar systems: By adapting PolyTouch’s [6] optical tactile + vibration sensor to function on a mobile This separation of concerns between PControl and Pinference allows us to leverage the ROS 2 ecosystem
gripper, as well as using tactics from UMI [1] and ManiWAYV [3] to address resulting domain transfer issues, PolyUMI is able for visualization, middleware, and control, without interfering with the inference environment + server. In
to capture natural, in-the-wild human demonstrations with a set of sensor modalities that have never before left the lab. practice this greatly simplifies the deployment of this system, bringing it closer to turnkey software.

Note: [2] and [4]’s grippers require wired connections to operate and thus are slightly less flexible than those marked with a v
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binary signal of contact/no contact, or C. can the model also learn to detect state changes or different
materials in manipulanda?) How does the model prioritize conflicting signals (i.e. picking up transparent
objects)? To help answer these questions, a set of ablation studies is planned, as well as a set of evaluation
tasks designed to illuminate the system’s strengths, weaknesses, and boundaries of capability.
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Performance objectives in evaluation: Match similar systems (see table) in all evals, while adding

performance in dynamic, contact-rich tasks that cannot be demonstrated with teleoperation or performed

without touch and fine-grained timing of contact events.

e Contact-rich, dextrous tasks unsuitable for optical-only manipulation (pipetting, glassware handling,
screwing a lid on a jar)

e Dynamic tasks infeasible for teleoperation (tossing blocks into a bin)

e Adversarial conditions in which some modalities might fail (ie lighting changes during eval)
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2 - Visual-Inertial SLAM

Following UMI, ORB-SLAM3 [8] is used for
pose estimation in the wild from GoPro video +
IMU data (see data visualizer at right).

Minor fixes were made in a custom fork to
accommodate updated camera hardware, fix
crashes, and integrate with PolyUMI Ingest

Hardware-software co-design opportunities: One motivation of this work is the belief that as learned
models take over increasing portions of the robot control stack, hardware becomes a more fluid design
variable. PolyUMI is explicitly designed to support rapid iteration at the hardware level, so that once the
learning system is end-to-end integrated and a baseline performance is achieved, incremental hardware
development ideas can be developed with rigorous task-based evaluation at every step. ldeas to pursue:

e Optimize mirror geometry - minimize distortion? other heuristics?

e Increase sensitivity & resolution at the fingertip via changes to lighting, mirror, digital preprocessing, etc
e Experiment with mic placement and sensing surface materials
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