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Recap of last time

= Current status:
Researcher at the Institute of
Electronics and Computer Science
(EDI) and 4th year doctoral student
at the University of Latvia

= Presented last time:

= Work within 5G-ROUTES project: self-
driving vehicle publication

= Work within VPP-MQOTE project:
differentiable physics for fluid
manipulation

= Plans with quadrupedal robots
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" Summer tests for communication  ® Video for project closure, featuring
between vehicles via 5G. platooning and lane-change.
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Towards Three-Dimensional Fluid-Directed
Rigid Body Control on a Physical System

Oskars

Abstract—This article presents ongoing, work on the "Flow
Grid”, a novel floor-standing device for Muid-directed, contact-
Tess manipulation of objects using air. It features a horizontal
surface with 60 upward-facing nozzles connected 1o an air
compressor and is controlled by 3 nearal network. The design
ako integrates real-time depth camera measurcments for the
accurate tracking of objects across the device's surface. We de-
ibe key components and dexign decisions, providing insights
into the device’s intended use in evaluating machine learni
algorithms for three-dimensional fluid-solid interactions. with
ial applications in the non-prehensile manipulation of
delicate objects.
1. INTRODUCTION

Contactless object manipalation has historically been lim:
ited 10 very small objects, as in the case of acoustic levitation
1], or to objects with special properties such as magnetism
[2]. Furthermore, while there has heen some research pushing
the boundaries of airbased displacement of objects [3],
4], much of the technology remains similar to simple "sir
bearings,” like the ones used in air-hockey tables [S]. ‘The
complex dynamics of air are difficult to model, making it
challenging to use air nozzles as precise controllers.

Due 1o the high state-space dimensionality of computa
tional fluids, the majority of work in the field of fuid-directed
object manipulation exists in purcly simulated eavironments
[6}-{8]. Ma et al. (2018) [6] use reinforcement leaming (RL)
0 train movable fluid spouts to interact with rigid objects in
a two-dimensional environment. In our previous work (8],
we leveraged a differentiable simulator [9] to represent a
three-dimensional system with an array of upward pointing
outlets. It s capable of learning control policies for displacing
objects without the need 1o obscrve the motion state of the
fluid. We applicd gradicnt-based training to perform differcat
manipulations with spherical objects, such us holding them in
place and moving them to specified locations, while reacting
10 external perturbations.

Recently, Google DeepMind published their work on fluid-
directed rigid body control on a bench-top device called
“Box o' Flows” [4]. It features an array of spouts that can
i lex contactles: with

in a pscudo-2D environment, and showcases the potential of
applied RL in implementing fluid-based control

This resesrch is fanded by the Latvian Couscil of Science, proj
u hogics and T e

No. VPP EM FOTONIKA 20221
of Blectronics and Computer Scieoce (EDI) i Riga, Lutvia. Contact
telkmaniseedL. v

oskara

cikmanis, Student Member, IEEE, Rodions Saltanovs, Kirlis Freivalds

Fig. 1. Flow Grid: a device for airbased masipulation of righd objects. It

consists of an amay of 6 x 10 individually controllsble norzics that cotput

compecssed air. An RGBD camers s placed above the table 1o obscrve the
ent of the objes

In this asticle, we introduce our work on the "Flow Grid”,
a device designed for fluid-directed manipulation of objects,
shown in Fig. 1. It consists of 60 upward facing nozzles
amanged in a 6x 10 grid. The output pressurc of the cntire

rid J each closed
separately. The objective of this research is to demonstrate
a proof-of-concept for diverse, three-dimensional object ma-
nipulation with air flows, using machine learning methods
that leverage differentiable simulations [8], We aim to build
upon this work by developing a machine leaming architecture
that closes the reality gap between our simulated cnvironment
and the physical system in order to explore open-boundary
fMuid-solid interactions.

1L FLOW GRID - DESIGN

Fig. 1 shows a schematic model of the Flow Grid. The
805120 cm work surfuce features 60 outlets with individually
controllable nozzles, connected to an air compressor. A set
of designs for the outlets is shown in Fig. 3 (ieft). The top
part of the device features an RGBD camera that covers the
working surface of the device and observes the motion of the
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System architecture
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Hardware
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Hardware architecture
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First prototype
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Current iteration
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Further work: quadrupedal robots

Unitree Go2 quadruped Bagajo et al., CoRL 2024
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