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Abstract

We present NeuralFluid , a novel framework to explore neural control and design
of complex fluidic systems with dynamic solid boundaries. Our system features a
fast differentiable Navier-Stokes solver with solid-fluid interface handling, a low-
dimensional differentiable parametric geometry representation, a control-shape
co-design algorithm, and gym-like simulation environments to facilitate various
fluidic control design applications. Additionally, we present a benchmark of
design, control, and learning tasks on high-fidelity, high-resolution dynamic fluid
environments that pose challenges for existing differentiable fluid simulators. These
tasks include designing the control of artificial hearts, identifying robotic end-
effector shapes, and controlling a fluid gate. By seamlessly incorporating our
differentiable fluid simulator into a learning framework, we demonstrate successful
design, control, and learning results that surpass gradient-free solutions in these
benchmark tasks.

1 Introduction

Complex fluidic systems play an important role in many engineering and scientific disciplines, en-
compassing applications at different length scales ranging from biomedical implants [1], microfluidic
devices [2]], hydraulic devices to and flying robots [3]]. Understanding these fluid-solid coupling
mechanisms in nature and mimicking their control strategies in artificial designs is essential for
advancing our control and design capabilities to synthesize novel solid-fluid systems.

Devising neural control algorithms to accurately manipulate the behavior of a complex fluidic system
and optimize its performance remains challenging due to the intricate interplay between device
geometry, control policies, flow dynamics, and the inherent physical and optimization constraints
unique to each fluidic system. On one hand, differentiable simulation fluid-system interactions are
inherently difficult because simulation is dynamic, involving a sequence of forward and backward
steps interleaved with control signals that are computationally expensive. On the other hand, naively
employing traditional control algorithms, mainly derived from their solid counterparts, to control
fluidic systems remains difficult due to characterizing the infinite degrees of freedom of fluid flows
and their interactions with solid boundaries. The co-design of fluid-solid systems, involving both
shape and control, is critical to exploring the optimal performance of these systems.

Currently, the machine learning community lacks a computational Gym-like [4] environment to
facilitate the exploration of fluidic systems manifesting strong solid-fluid interactions and controllable
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Figure 1: Pipeline Overview. (1) Our pipeline starts with an initial parametric geometry and a
neural network parameterized controller. (2) The fluid dynamics is then simulated using a dynamic
Navier-Stokes solver. (3) The performance of the design and control is evaluated using a loss function,
the gradients of which are then back-propagated through our end-to-end differentiable framework.
(4) The gradient-based optimization iteratively improves the geometry and control to achieve the task
goal. This pipeline allows for efficient geometry and control co-optimization.

dynamic boundaries. Recent literature in robotic learning (e.g., [5]) has established unified multi-
physics differentiable simulation platforms to facilitate learning control policies for various fluid
interactions in daily scenarios. Similar ideas can be observed in [0, [7| [8], where differentiable
simulation plays a central role in accommodating various design and optimization tasks of dynamic
systems involving fluid dynamics. However, despite these inspiring advances, learning the control
policies and exploring the optimal performance of a dynamic fluidic system with complex boundary
conditions remains difficult due to their inherent complexities in differentiating solid boundary
behaviors and optimizing their fluidic consequences due to these boundary motions.

This paper presents a novel framework for a fully automated pipeline aimed at devising neural controls
for complex fluidic systems with dynamic boundaries. Our framework is designed to robustly control
complex fluidic systems that consist of externally driven soft boundaries and internal complex flow
behaviors, such as those systems underpinning an artificial heart or a microfluidic device.

NeuralFluid consists of three critical components to enable neural control of a complex fluidic system.
First, we devise a differentiable geometry representation to offer an expressive design space while
remaining low-dimensional, enabling efficient exploration by the optimization algorithm. Second, we
implement a differentiable fluid simulator with solid-fluid interface handling to accurately characterize
the dynamic fluid behavior and predict its spatiotemporal impact on the moving boundaries. We
back-propagate gradients at the solid-fluid interface to extend gradient computation to the geometry
iso-surface. Last, we provided an optimization framework to efficiently search the design space,
considering the underlying fluid dynamics and boundary conditions.

Our pipeline features a low-dimensional parametric geometry representation capable of expressing
complex shapes and a differentiable Navier-Stokes simulator with geometry gradient computation for
predicting dynamic fluid behavior in response to control signals. In addition, our pipeline leverages
gradient-based optimization for efficient design space exploration, co-optimization of the device
geometry and control, and accurate performance evaluation of the design under dynamic flows. To
showcase the practical implications and versatility of our approach, we have established a suite of
Gym-like [4] environments. These benchmarks are designed to test applications in robotics and
engineering, facilitating advancements in system identification, optimization of end-effector shapes
and controls, and the dynamic optimization of structures such as artificial hearts within a closed-loop
control framework. We showcase the effectiveness of our pipeline in facilitating different design and
control tasks, including amplifier, fluidic switch, flow modulator, shape and position identification,
closed-loop control of water gate and artificial heart.

‘We summarize our main contributions as follows:

* Development of a fast differentiable Navior-Stokes simulator for optimization in 2D and 3D
scenes.



» Development of a low-dimensional differentiable parametric geometry representation for
complex shapes embedded into the differentiable simulation pipeline.

» Gradient computation extension to geometry iso-surface to enable control and geometry
co-design and iso-surface optimization.

» Gym-like [4] environments and benchmarks to demonstrate applications in robotics and
engineering, including the design of ampli er, uidic switch, ow modulator, geometry
system identi cation, and closed-loop control of a uid gate and arti cial heart.

2 Method

2.1 Pipeline Overview

We present an overview of our method in Fig. 1. Our pipeline de nes the designs with a low-
dimensional parametric geometry representation (Sec. 2.2). The behavior and performance of the
design in the uid environment are evaluated by a dynamic differentiable Navier-Stokes simulator
(Sec. 2.3). Both components are embedded in a gradient-based optimization framework that co-
optimizes both the geometric design and the control signal until convergence.

2.2 Geometry Representation

We represent our geometry

with a low-dimension rep-

resentation. Take the illus-

tration in the inset gure as

an example, here we intro-

duce the representation on

a high level, and refer the

readers to the appendix for

the full details. We param-

eterize a closed 2D surface

using its centec and a set

of connected Bezier curves

with their control points de-

ne in polar coordinates; fori 2 [1;2;:::;2N], where every two control points de ne a 2D Bezier
curve spannin§T radians in the polar coordinate system. This representation offers a compact
way of de ning diverse geometries. We further parameterize a closed 3D surface using a list of
2D surfaces de ning the key cross-sections of the geometry along an extrusianatise local

object frame, where each 2D surface is parameterized as described above. The parameterization
includesz = zy andz;, which determines the Z plane of the rst and last cross-section, along
with the parameters for each key 2D cross-section, which are assumed to be evenly spaced between
Z 2 [z0; z1].The continuous geometry interpolates the key cross-sections along the z-axis. Finally, we
construct more complex 3D geometries using operations from Constructive Solid Geometry (CSG):
Union and intersection, which allows us to de ne a 3D parametric heart model using the union of
four sub-geometries.

2.3 Differentiable Navier-Stokes Simulation

Our uid dynamics is governed by the incompressible Navier-Stokes equations. These consist of the
momentum equation (Eq. 1a), accounting for temporal changes in velagjtgdvective acceleration,
viscous dissipation, and pressup® gradient forces for an incompressible uid with uid density

and kinematic viscosity. The incompressibility condition (Eq. 1b) requires the divergence of the
velocity eld must be zero to enforce the conservation of mass:
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