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Smart navigation of a gravity-driven glider with adjustable center of mass
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Artificial gliders are designed to disperse as they settle through a fluid, requiring precise navigation to reach
target locations. We show that a compact glider settling in a viscous fluid can navigate by dynamically adjusting
its center of mass. Using fully resolved direct numerical simulations and reinforcement learning, we find two
optimal navigation strategies that allow the glider to reach its target location accurately. These strategies depend
sensitively on how the glider interacts with the surrounding fluid. The nature of this interaction changes as the
particle Reynolds number Re, changes. Our results explain how the optimal strategy depends on Re,. At large
Re,, the glider learns to tumble rapidly by moving its center of mass as its orientation changes. This generates a
large horizontal inertial lift force, which allows the glider to travel far. At small Re,, by contrast, high viscosity
hinders tumbling. In this case, the glider learns to adjust its center of mass so that it settles with a steady, inclined
orientation that results in a horizontal viscous force. The horizontal range is much smaller than for large Re,,
because this viscous force is much smaller than the inertial lift force at large Re,,.
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L. INTRODUCTION

Seeds and small organisms evolved the ability to glide
through air without propulsion, allowing navigation and dis-
persion with high efficiency [1-3]. These examples have
inspired the concepts of small artificial gliders, which could
form intelligent networks for environmental measurements in
air or water [4—7]. These tiny gliders, unlike conventional ones
[7,8], are designed with a focus on miniaturization, low cost,
and low energy consumption.

One important question is how such gliders can maneuver
to reach a prescribed target location. This requires deep under-
standing of glider-fluid interactions, which vary significantly
with the particle settling Reynolds number, Re, = vsa/v.
Here, v is the settling speed of the glider, a its size, and v
is the kinematic viscosity of the fluid. As Re, increases from
zero, fluid inertia amplifies hydrodynamic forces and torques
[9,10]. Nonspherical particles experience an additional fluid-
inertia torque compared to spherical ones. At small Re, this
torque can be computed perturbatively and is proportional to
Re, [11-13]. In addition, a particle rotating relative to the
fluid experiences a lift force perpendicular to its slip velocity
[14]. At large Re,, calculations of forces and torques rely
on empirical models that assume a quasisteady disturbance
flow [15]. Using such models, Refs. [16,17] analyzed gliders
settling at Re,, ~ 10°. When the wake of the settling particle
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becomes unstable, complex falling patterns emerge, including
oscillations, tumbling, and even chaotic dynamics [18].

A pioneering study [19] investigated the navigation of a
two-dimensional elliptical glider using an empirical model at
Re, ~ 10%, representing a centimeter-scale glider in air. The
authors showed that external control torque enables navigation
through two strategies: tumbling and inclined settling, both
generating a horizontal force via fluid-solid interaction.

Recent advances using reinforcement learning [20,21] have
significantly improved the finding and understanding of op-
timal navigation strategies for smart particles that can sense
their environment and adapt their behavior in viscous flow
[22-25]. Reference [23] applied reinforcement learning to the
model in Ref. [19], showing that a smart glider, capable of
dynamically adjusting its control torque, learns to navigate
by either tumbling or inclined settling. The optimal strategy
depends on the mass density and upon the shape of the glider.
Tumbling outperforms inclined settling for heavier or less
elongated gliders [23].

These studies highlight the potential of designing smart
artificial gliders, but two key challenges remain. First, how
can the control torque be applied? Gliders used in typical
applications [4-6] are too small for propellers, so controlling
such gliders like a drone is not an option. While magnetic or
electric fields can control smart particles [26], they require
external fields along the glider trajectory, limiting autonomy.
Second, how do the navigation strategies change with Re,?
Re,, varies greatly in applications, and laboratory experiments
are usually easier to perform when the glider settles slowly in
a highly viscous fluid [12,27]. This yields a much smaller Re,,
than the values Re,, ~ 103 studied previously [19,23].

Here, we address these two questions. First, we explore
the possibility to control the glider using an adjustable center
of mass (Fig. 1), inspired by particles with asymmetric mass
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FIG. 1. (a) Glider with a movable mass (o). Here, n is the unit
vector along the major axis of the glider, 6 is the tilt angle, and v
is the velocity of the geometric center. (b) Illustration of the forces
and torques on a glider. The torques are evaluated with respect to
the geometric center. Buoyancy F, (o) induces no torque, while
gravity F, (e) causes the torque 7, = —d sin @ because the center
of mass is located at distance d along n from the geometric center.
Hydrodynamic forces on the glider surface result in a net force Fy,
and torque 7}, with respect to the geometric center. (c) Schematic of
active control of a settling glider in a quiescent fluid by adjusting its
center of mass. The red star represents the target point.

distributions that exhibit complex settling dynamics in a
viscous fluid [27,28]. Second, we employ direct numerical
simulations (DNSs) to fully resolve particle-fluid interactions,
in order to determine how the optimal strategy depends on
Re,. As an exemplary task, we consider a gravity-driven
glider released in a quiescent fluid at different distances from
the target. Assuming the smart glider can measure its current
phase-space configuration, we use reinforcement learning to
determine the optimal strategy for adjusting its center of mass
to reach the target.

We find that the glider can exploit particle-fluid inter-
actions to successfully navigate by changing its center of
mass. The optimal navigation strategy depends on Re,: at
small Re,, the glider settles with steady inclination, while
it learns to tumble at larger values of Re,. Previous studies
using empirical models for gliders at large particle Reynolds
numbers (Re, ~ 10%) identified the same two settling strate-
gies [19,23]. Our work differs in three respects: we use DNS
to investigate how the optimal strategy varies with Re,; we
implement an explicit control mechanism (moving center of
mass) rather than a prescribed torque; and we focus on gliders
in viscous fluids, which are more practical for laboratory
experiments.

II. METHODOLOGY
A. Model

Since the optimization problem using DNS of particle-fluid
interactions is computationally demanding, we follow Refs.
[19,23] and consider the two-dimensional problem. We model
the glider as a two-dimensional elliptical shell with aspect
ratio A and a mass that can move along the direction n of its
major axis [Fig. 1(a)]. Shifting this mass changes the center
of mass of the glider, enabling control. Both the shell and
the movable mass have equal linear mass density %mp, where
m,, is the total mass per unit length. We nondimensionalize

the problem using the semimajor axis length of the glider, q,
the velocity scale ,/ag, and mass per unit length m,. Here, g
is the gravitational acceleration. The nondimensional form of
the governing equations of the glider reads

d
= (1a)
d2
@(V‘l‘nd):Fh‘}‘Fg—i-Fb, (lb)
1 d? 1
Eﬁ(r—l-an) ~n=§Fg-n+Fs-n, (IC)

d d
56 = w, a(wJ): Th+7§—d(nAav)~eZ. (1d)
Here, r and v are, respectively, the position and velocity of
the geometric center of the glider. In order to account for the
moving mass, it is most convenient to write Newton’s second
law for the center of mass [Eq. (1b)]. The left-hand side of
Eq. (1b) is the acceleration of the center of mass in terms of
the position of the geometric center r, and the displacement nd
between the geometric and mass centers. The external forces
on the glider are the hydrodynamic force F}, exerted by the
fluid upon the glider, gravity F, = e,, and buoyancy, F; =
—B~'e,, where e, is the direction of gravity and B = p,/pr is
the mass-density ratio between the glider and fluid [Fig. 1(b)].

When the glider shifts its center of mass, momentum is
conserved but redistributed between the movable mass, shell,
and fluid via hydrodynamic interactions, generating transient
forces and torques. To avoid infinite forces from instantaneous
displacement, we model the connection between the movable
mass and the shell as a damped spring, enabling continuous
momentum transfer.

The moving center of mass adds an additional dynamical
degree of freedom: the center-of-mass displacement d. Its
dynamics is given by Eq. (1c). The left-hand side is dimen-
sionless mass times acceleration of the moving mass, located
at 2nd from the glider geometric center, in the direction of
n. The right-hand side are the forces on the mass: gravity,
%F ¢» and the damped spring force Fy = [2k(d. — d) — 2cd]n.
The spring stiffness k = 63.7 and damping ¢ = 9.0 are chosen
large to rapidly relax the center of mass to its equilibrium
distance d.. The dynamics of the glider is controlled by
adjusting d..

Equation (1d) describes the angular dynamics of the glider
around its geometric center, with tilt angle 6, and angular
velocity w around e_, the unit vector normal to the x-y plane.
Equation (1d) is written in a comoving frame that follows the
translational motion of the geometric center. The left-hand
side of Eq. (1d) is the time derivative of angular momen-
tum around the geometric center, with moment of inertia
J = Jahell + Jmass + 2d>. Here, Jgen and Jyqss are the moments
of inertia of the elliptical shell and the circular movable mass
around their respective centers, and the 24> contribution arises
from the parallel axis theorem. The hydrodynamic torque
around the geometric center is denoted by 7. The torque
due to gravity, T, = —d sin 6, arises due to the mass-center
displacement [see Fig. 1(b)]. The last term, —d(n A D) - e, is
torque due to acceleration of the comoving frame.

The dynamics in Eq. (1) additionally depends on the as-
pect ratio A and mass-density ratio 8, both introduced above,
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TABLE I. Dimensional and nondimensional parameters. The length scale of the glider is denoted by a, and the kinematic fluid viscosity by
v. Gliding ant in air: parameters from Ref. [1]. Ocean glider prototype [8]. We take a to be the half-length of its cylindrical body. The aspect
ratio is defined as the ratio between the length and the diameter of the cylindrical body. The density is determined based on the reported mass
and the volume of the cylinder body. Glider in silicon oil (this paper) with mass density slightly larger than that of the fluid.

Case a (cm) v (m?s!) Glider density (kgm™) Fluid density (kgm™3) A B Ga
Gliding ant in air [1] 0.6 1.8 x 107% 290 1.2 2 240 1200
Ocean glider prototype [8] 25 1.0 x 107% 950-1500 1000 5 0.95-1.5 0-2.8 x 10*
Glider in silicon oil 5 2x 103t x 107 950-1500 764 >1 1.2-2.0 8-340

as well as the Galileo number Ga = /(8 — 1)ga®/v, which
characterizes the fluid-solid interactions governing Fj and

Ty. These three parameters are equivalent to the nondimen-
sional parameters used in Ref. [29] to describe the motion
for a spheroid settling in a quiescent fluid. We parametrize
the dynamics using Ga since it is uniquely determined by
intrinsic particle and flow properties, while Re,, depending
on the actual settling speed, must be evaluated a posteriori.
For small Ga, Re, scales as Ga?, but this relation overesti-
mates Re,, for larger Ga. Table I presents example parameters
[1,8] and a suggestion for future glider experiments. Table I
shows that Ga varies over several orders of magnitude, but
only navigation strategies for 10> were addressed using the
large-Ga empirical model in earlier studies [19,23]. Our fully
resolved simulations enable exploration of small and moder-
ate Ga, while high Ga remains too computationally costly.
We therefore focus on this unexplored regime, using Ga =
4.4,35.4, and 283, which can be realized experimentally in
viscous liquids such as silicon oil. The corresponding values
of the particle Reynolds number are Re, ~ 3, 31, and 240.
We use B = 2 in our simulations to consider settling gliders.
The numerical method used in the DNS restricts the possible
aspect ratios we can study. Here, we report results for A = 2.

B. Numerical method

To solve Eq. (1), we calculate the hydrodynamic force Fy,
and torque 7; using DNSs that fully resolve particle-fluid
interactions via the immersed boundary method [30]. The
fluid velocity u and pressure p are obtained by solving the
incompressible Navier-Stokes equations on an Eulerian grid
(in dimensional units):

V-u=0,

du
pf<§+u-Vu> = —Vp+uViu+pf. (2)

Here, o is the dynamic viscosity of the fluid, and the im-
mersed boundary forcing term f accounts for the disturbance
caused by the motion of the glider. It is obtained by enforcing
no-slip condition at the fluid-solid interface using the direct-
forcing immersed boundary method [31,32]. In this approach,
fluid velocity is interpolated from the Eulerian grid to uni-
formly distributed Lagrangian marker points on the glider
surface. Immersed boundary forces are computed from the
difference between interpolated and rigid-body velocities, and
then spread back onto the Eulerian grid to yield f in Eq. (2).

See Ref. [32] for details. In this framework, Fy, and Ty, are
calculated as [32]

d
Fy = —pf/ de +,0fd—/ udv, 3)
Yy tJy,

Th=—,0f/
%

re A fdV + ,ofi/ r. AudV. “4)
d dr J,

Here, “//p is the volume of the glider and r, is the vector from
the geometric center to the point of integration.

We solve Eq. (2) using a second-order central difference
method [33] on a uniform Eulerian grid of size 24a x 32a.
The grid resolution Ax depends on the Galileo number: Ax =
a/16 for Ga = 4.4 and 35.4, and Ax = a/32 for Ga = 283.
The time step size is At = 0.014./a/g. Simulations are con-
verged with respect to domain size, grid spacing, and time
step. Periodic boundary conditions are applied horizontally.
Vertically, we impose Neumann conditions at the top and
Dirichlet conditions at the bottom to enforce zero fluid ve-
locity, modeling quiescent fluid. This bottom condition does
not represent a solid wall because the domain follows the
glider downward, preventing it to reach the lower boundary.
See Ref. [34] for further details on the numerical method.

C. Reinforcement learning

We use double deep Q-learning [20,21,35,36] to find op-
timal control strategies for navigating a glider. Unlike the
previous study [23] that targets a fixed position, we train
a single strategy for reaching targets at different positions,
demonstrating robustness.

As illustrated in Fig. 1(c), the glider is released from rest
atry = (xo, yo) with random orientation and is tasked to reach
a target at rp = (xT, yr), where yr — yo = —40 and xt — xo
is drawn uniformly from [—30, 30]. At regular intervals 7, =
1.41, the glider selects one of five center-of-mass equilibrium
positions (d. = 0, £0.2, £0.4) based on its relative position
to the target, velocity, tilt angle, and angular velocity. The
update interval 7, is long enough for the mass to reach its new
position but short enough to allow over 30 decisions per trial.

To optimize navigation, we choose the reward:

Y=Y

2
) + O (yr — y)e H T2,
yr—>XYo

&)

with coefficients #; = 0.125 and s, = 100. The first term in
Eq. (5) penalizes the horizontal distance to the target, scaled
by [(y — y0)/(yt — Y0)]? to reduce the penalty when the glider
is far above the target, promoting exploration. The second
term is a one-time bonus based on horizontal distance to the

r=—hx— xT)z(
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FIG. 2. Landing position x vs randomly prescribed target points
xr. The dashed line represents perfect navigation: x = x. Parame-
ters: (a) Ga = 4.4; (b) Ga = 35.4; and (c) Ga = 283.

target when the glider reaches the target height (y = yr), at
which point the episode terminates. Here, ®(-) is the Heavi-
side function.

Training details and hyperparameters are provided in
Appendix A.

III. RESULTS

Figure 2 documents the success of reinforcement learn-
ing for three values of Ga. Landing positions x under the
learned strategy are shown for 200 different targets xr. For
the smallest Ga, only targets within a narrow range are reach-
able [Fig. 2(a)]. For the intermediate value of Ga, the glider
can reach any target within the entire range of |xT — xg|
[Fig. 2(b)]. For the largest Ga, the range narrows again
[Fig. 2(c)].The optimal strategies differ for different Ga. This
becomes clear from Fig. 3, which shows optimal strategies
for a far target at xp = 32. At the lowest value of Ga, the
glider learns to maintain an inclined orientation by adjusting
its center of mass in a periodic fashion [Fig. 3(a)], so that it
glides at an approximately constant angle. At larger values
of Ga, the glider learns to move its center of mass to tumble
anticlockwise (clockwise) with an approximately constant an-
gular velocity to reach a target to its right [Figs. 3(b) and 3(c)]
(left, respectively, not shown). The corresponding trajectories
are shown in Fig. 4. In short, by adjusting its center of mass,

0.4

0=

-0.4
(b) i 0.4

_Og_

1-0.4
(C) i 0.4

_Og_

1-0.4
60

LA
30
FIG. 3. Glider orientation for optimal strategies at different Ga.

The control d(¢) (dashed lines) and the tilt angle 6(z) (solid lines) are
shown against time. (a) Ga = 4.4; (b) Ga = 35.4; and (c) Ga = 283.

the glider manages to navigate by two different strategies,
either inclined settling or tumbling.

The same two strategies were found using an empirical
model designed for gliders settling at large particle Reynolds
numbers [19,23], on the order of 103. Novati ef al. [23] found
that tumbling outperforms inclined settling at these Reynolds
numbers for small enough aspect ratio A or large enough den-
sity ratio 8. Paoletti and Mahadevan [19] used a model similar
to Eq. (6) for the torque and a corresponding model for the
force acting on the glider. There are three main differences to
these works. First, DNS allows us to investigate how the opti-
mal strategy changes as the particle Reynolds number changes
(at fixed X and B). Second, we use an explicit form of control
(the moving center of mass), instead of an arbitrary control
torque. Third, we consider a glider in a highly viscous fluid
(not heavy gliders settling in air). The reason is that laboratory
experiments are likely more feasible for more viscous fluids,
simply because the glider tends to settle more slowly.

In order to understand how different strategies emerge
at different Reynolds numbers, we analyze the torques in
Eq. (1d). In this equation, both T, and the last term depend
on the control through d ~ d.. However, the last term is small
because v approaches the steady settling velocity after an
initial transient. The hydrodynamical torque 7; is modeled
using an empirical torque model [16]:

Ty = —ciw — c2|w|w — c3|v)* sing cos p — cawv.  (6)

We note that this model applies to both two- and three-
dimensional objects that have three mutually orthogonal
symmetry planes and move in quiescent fluids [15,17], al-
though the coefficients are quantitatively different. The first
term in Eq. (6) is Stokes torque [9] and the second term
describes a second-order correction to the Stokes torque [10],
similar to the Oseen correction to the Stokes drag. The first
two terms together represent the so-called dissipative torque
[16,17]. The third term describes a fluid-inertia torque, consis-
tent with the form obtained in small Re,-perturbation theory
[10-13,29], where ¢ is the angle between the orientation n
and velocity v of the glider. The angle ¢ differs from the tilt
angle 6 in Eq. (1d). We note that Refs. [13,29] considered
the case where ¢ =~ 6. The fourth term is added moment of
inertia resulting from acceleration of the surrounding fluid
[37]. Related models were first used for passively settling
particles [16,17], with coefficients chosen to generate quali-
tatively accurate trajectories at Re, ~ 10,

As explained above, we use the Galileo number to
parametrize particle-fluid interactions in our model, instead
of the Re,. The two numbers are in a one-to-one correspon-
dence, but Ga has the advantage that it is uniquely determined
by intrinsic particle and flow properties, while Re, must be
evaluated a posteriori. To study how T;, depends on Ga, we fix
the coefficient ¢4 in Eq. (6) to the known value for an elliptical
plate in the potential flow limit [38],

cy = LA(l —A72)? (7)

168 '
The remaining coefficients ¢y, ¢;, and c3 are fitted for each
Ga to two sets of DNS trajectories. The first set consists
of trajectories with d = 0 and different initial conditions,
typically resulting in small but nonzero angular velocities.
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4-0.2
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FIG. 4. Glider trajectories corresponding to Figs. 3(a)-3(c). Ellipses outline the glider at time intervals of action update, 7, = 1.41, colored
by instantaneous gravity torque T,. Black dots mark the center of mass, and the red star indicates the target. The glider size is enlarged by a
factor 1.5 for better visualization. (a) Ga = 4.4; (b) Ga = 35.4; and (c) Ga = 283.

The second set is a single tumbling trajectory following the
heuristic strategy [Eq. (8)] (explained later). We weigh the
two sets by their number of trajectories during fitting, yielding
accurate torque estimates for both gliding and tumbling (see
Appendix B, Fig. 7).

The resulting coefficients are shown in Table II. Andersen
et al. [17] suggested that the coefficients c¢; and ¢, decrease
as Ga increases. Our results in Table II are broadly consistent
with that expectation, except c¢; that increases slightly from
Ga = 35.4 to 283. Table II shows that c3 decreases as Ga
increases. Our values of ¢z are quantitatively consistent with
the coefficients reported by Ref. [39] that relies on DNSs of
rotating elliptical cylinders in a uniform flow, with errors less
than 15%.

At our largest Galileo number, Ga = 283 (Re, ~ 240), the
glider learns to tumble, just like the gliders from Refs. [19,23],
with Re, ~ 103. At high Re,, the rapidly tumbling glider
generates a lift force, similar to the Magnus effect observed
for a rotating sphere [40], where rotation breaks the flow
symmetry and produces a lift force F, ~ @ A v. Here, the
lift force on the glider provides horizontal momentum for
navigation, and a vertical component that balances part of the
gravity force, slowing down the settling. Because the direction
of the lift force depends on the direction of angular velocity,
the glider learns to tumble anticlockwise to reach any target
to its right, and tumble clockwise for the target to its left.
Our DNS shows that the lift force becomes larger if the glider
rotates with larger |w/|, similar to a sphere [40]. Therefore, it is
important to understand how the gravitational (control) torque

TABLE II. Numerical values of the coefficients in Eq. (6), ob-
tained by fitting the DNS torque to Eq. (6) ford = 0.

Ga (a3} ) 3 Cy

4.4 0.192 0.911 0.151 0.070
354 0.024 0.203 0.143 0.070
283 0.066 0.183 0.096 0.070

T, and the hydrodynamical torque 7;, from Eq. (6) interact in
Eq. (1d) to generate large |w|. Paoletti and Mahadevan [19]
identified a mechanism for this using a model with a constant
control torque, where tumbling emerges from balancing this
torque with the average dissipative torque. In our case, by
contrast, the control torque changes as a function of time, sim-
ply because the tilt angle and the center-of-mass displacement
change with time. How does the glider learn to tumble under
these circumstances? Figure 3(c) shows that the glider shifts
its center of mass when the angle 6 reaches 8 = 0 or &, where
the sign of T, = —d sin6 is about to change. This strategy
generates a gravity torque that is mostly positive [Fig. 4(a)], a
prerequisite for persistent anticlockwise tumbling.

How can this mechanism be understood from Eq. (6)? For
the tumbling strategy, Fig. 5(a) shows the two largest con-
tributions to the hydrodynamic torque 7;: the dissipative and
the fluid-inertia torques. We see that the latter is significantly
smaller than the former, although |v| and |w| are of the same
order for the simulated trajectories (not shown). The differ-
ence in magnitude is explained by the fact that sin ¢ cos ¢
fluctuates around zero and that the prefactor c3 is smaller than
¢, by a factor of 2 (Table II). In conclusion, the fluid-inertia

30F(b) o
=20 1

m|
“10F 4

0 FEERETTT BT A
40 10" 10,10’

FIG. 5. (a) Torques for Ga = 283, for the trajectory shown in
Fig. 4(c). Solid line: T,; dashed line: dissipative torque —cjw —
¢s|w|w; dash-dotted line: fluid-inertia torque, —c3|v|? sin ¢ cos ¢.
The added moment of inertia torque, —c,4®, is negligible (not shown).
(b) Maximal horizontal distance covered by a glider when it uses
the tumbling strategy [Eq. (8)] (1J), or settling with a certain fixed
orientation (o).
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torque has only a minor effect on the dynamics. Figure 5(a)
indicates that the control torque 7, is approximately balanced
by the dissipative torque on average (the same conclusion
holds for intermediate Galileo number, Ga = 35.4). From this
balance, we obtain an estimate of w that differs by 20%—-30%
from our DNS results. This shows that the model is broadly
consistent with our DNS, even though the control torque de-
pends on time, unlike Ref. [19] that assumed constant control.

At small Ga, the glider navigates by maintaining an ap-
proximately constant angle 6, resulting in a horizontal force
that allows steering. The horizontal force originates from
the anisotropic drag coefficient of an elliptical glider. For a
glider with A = 2 at Ga = 4.4, the maximal drag coefficient
(achieved when n L v, or equivalently when ¢ = ) is only
about 30% larger than the minimal drag coefficient (achieved
when n || v, or ¢ = 0), which constrains the horizontal travel
distance even if the glider settles with an optimal orientation.
For a constant control 7, [19], settling with optimal orien-
tation can be achieved by balancing the fluid-inertia torque
[10-13,29], the third term on the right-hand side of Eq. (6),
against T, [27]. However, this balance may be hard to achieve
because it requires very small yet precise values of 7, at small
Ga. In practice, it is easier to have a control torque 7, that
assumes only discrete values, as in our model. Our DNSs for
Ga = 4.4 show that T, is one order of magnitude larger than
fluid-inertia torque for the smallest nonzero offset (d = 0.2).
Figure 3(a) shows that the glider learns to adjust its center of
mass dynamically to stabilize its tilt angle, and we see that
the fluctuations around the average are small. This average
angle is the optimum that maximizes the horizontal traveling
distance, verified by measuring the distance in DNS of a glider
that settles with fixed 6 at different values of 6.

Now we discuss how the reachable horizontal range de-
pends on Ga (Fig. 2). To this end, we consider a heuristic
tumbling strategy,

d(t) = sgn[6(1)]dmax, ®)

which allows the glider to maximize its rotation speed by
changing its center of mass whenever the sign of 6 changes,
inspired by the strategy learned by reinforcement learning
shown in Figs. 2(b) and 2(c). Figure 5(b) shows DNS results
for the reachable range for the heuristic tumbling strategy (8)
as a function of Ga ([J). Also shown are DNS results for
the reachable range obtained by gliding at a fixed optimal
angle 6 that maximizes the horizontal distance traveled by the
glider. At large Ga, tumbling is better than gliding at a fixed 6,
because the glider can achieve large angular velocities and the
dissipative torque is smaller compared to the case of smaller
Ga [Eq. (6) and Table II]. This explains why the glider learns
to tumble at large Ga. However, why does the reachable range
for the tumbling strategy decrease as Ga increases from 35.4
to 283? Our DNSs show that the glider rotates at almost the
same speed at both values of Ga because of similar dissipative
torque coefficients, but the lift force at Ga = 283 is 40%
smaller than at Ga = 35.4. We verified by DNS that the main
reason for the decreased lift force is a decrease in the pressure
contribution to this force. Finally, at the smallest Ga, glid-
ing and tumbling have approximately equal reachable ranges.
Nevertheless, our reinforcement-learning runs show that the
gliding strategy always wins at small Ga (even when gliding

is slightly suboptimal). Tumbling is hard to learn, because the
glider must manage to rotate in the correct direction, and to
stop tumbling when it approaches the target.

Here, we consider a two-dimensional glider. We found this
necessary because our direct numerical simulations combined
with reinforcement learning are too computationally expen-
sive in three spatial dimensions. We expect that the navigation
strategies remain valid for a three-dimensional glider, because
the empirical torque model (6) extends to a three-dimensional
compact particle [15,17]. Since the coefficients are different
in three dimensions, the crossover between the two strategies
(inclined settling versus tumbling) may occur at a different
Reynolds number, compared with two dimensions.

How can our results be checked by laboratory experi-
ments? For a glider of size a = 5 cm—Ilarge enough to carry
sensors, motors, and batteries [41]—our range of Ga can
be realized using silicone oil with viscosity ranging from
2x1072m?s7 ! to 1 x 107*m?s~! (Table I). This yields a
settling speed of about 1 ms~!, angular velocity 10rads™",
and total fall height 2m. We expect that small changes in
B (from 1.2 to 2; see Table I) do not make a qualitative
difference to the settling dynamics, because the main effect
of changing B is on the buoyancy force F,. Decreasing
increases buoyancy. This reduces the settling speed of the
glider, leading to longer traveling times. Moreover, although
the added mass torque is also proportional to 87! [Eq. (7)], its
magnitude is smaller than that of the other torques. So, the fact
that the added-mass torque changes with g is less important.

Here, we assume an infinitely large domain. How hydro-
dynamic forces and torques change near a wall or the floor of
the container can be addressed by implementing the correct
boundary conditions in the simulations. Moreover, we assume
that the glider senses its position relative to the target, its
orientation, velocity, and angular velocity. For practical ap-
plications, it is beneficial to reduce the number of signals. We
expect that x(¢) — xp(t), 6(t), and w(¢) are the most impor-
tant signals (Appendix C), because x indicates the horizontal
direction to travel, while & and w are needed to control the
rotational dynamics. These signals can be measured with a
small motion processing unit [42].

Controlling an autonomous glider by its moving center
of mass has distinct advantages over other control methods.
First, it generates a control torque without energy-demanding
propulsion. Moving the center of mass within a small particle
only requires a small amount of energy. Second, the glider
exploits gravity to generate its control torque, which requires
no other external field to be applied on the glider for nav-
igation, such as commonly used magnetic or electric fields
[26]. A drawback is that the magnitude of the gravity torque is
constrained by the geometry of the glider and its instantaneous
orientation, which impede the maximal travel distance. This
limitation may be eased by adding shape control of the glider,
which has been shown to increase stability in natural gliders
such as birds [43].

IV. CONCLUSIONS

In this paper, we investigated how a compact glider navi-
gates with an adjustable center of mass as it settles in a viscous
fluid at different Reynolds numbers. Using direct numerical
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simulations, we found that the glider learns two distinct strate-
gies to move large horizontal distances: it either settles with
an inclined orientation optimized for horizontal displacement
or it tumbles. Which of the two strategies is optimal depends
sensitively on Re, for given shape and mass density of the
glider. For small Re,, inclined settling is better, while the
glider learns to tumble at larger Re,, generating a horizontal
lift force that extends its travel range.

Both strategies were previously found using an empirical
model designed for gliders settling at large particle Reynolds
numbers [19,23]. Besides the fact that our direct numerical
simulations allowed us to study how the optimal strategy
depends on the particle Reynolds number, there are two more
important differences to Refs. [19,23]. First, we used an ex-
plicit control torque (the moving center of mass) rather than
an arbitrary one, and we could show how the glider learns
to execute these strategies by adjusting its center of mass.
It settles with an inclined orientation by moving the center
of mass back and forth or tumbles by adjusting its center
of mass as a function of its orientation [Eq. (8)]. It was not
a priori clear that this works, because the amplitude of the
explicit control is constrained by the maximal distance the
center of mass can move, and the control mechanism has a
delay. Nevertheless, the glider can land precisely on any target
within its maximal horizontal travel range by first approaching
the target using the appropriate strategy, and then relying on
viscous drag to slow down once it is above the target. Second,
with laboratory experiments in mind, and because large aspect
ratios A are hard to simulate, we considered a compact glider
in a viscous fluid with mass-density ratio 8 of order unity,
rather than a glider with large A and 8.

Like earlier studies [19,23], we considered a two-
dimensional elliptical glider. In our case, this is necessary
because direct numerical simulations in three dimensions
in combination with the reinforcement-learning algorithm
were too computationally expensive. We expect that the tum-
bling and gliding mechanisms survive for a three-dimensional
glider, because the empirical torque model (6) extends to
three-dimensional particles [15,17], albeit with different coef-
ficients. We cannot exclude that the extra degrees of freedom
in three dimensions may allow for additional possibly more
complicated strategies.

In nature, settling particles with more complicated shapes
are common [44], even chiral [4,45]. Such particles experi-
ence translation-rotation coupling even in the Stokes limit,
causing the glider to rotate as it settles. This could al-
low strategies with increased navigation range, as well as
additional control possibilities. Moreover, one should also
consider shape changes as a control mechanism, because this
changes the hydrodynamic torques [27,44,46—49] the glider
can use for control. Examples in nature are gliding ants that
change posture [1] and birds that control the morphology of
their wings [43].

ACKNOWLEDGMENTS

We acknowledge support from Vetenskapsradet, Grants
No. 2018-03974, No. 2023-03617 (J.Q. and K.G.), and No.
2021-4452 (B.M.). 1.Q. also acknowledges support from the
Knut and Alice Wallenberg Foundation, Grant No. 2019.0079.

X.J. and L.Z. were supported by the Natural Science Founda-
tion of China through Grants No. 92252104, No. 12472224,
and No. 12388101. Our collaboration was supported by the
joint China-Sweden mobility programme [National Natural
Science Foundation of China (NSFC)-Swedish Foundation
for International Cooperation in Research and Higher Educa-
tion (STINT)] through Grants No. 11911530141 (NSFC) and
No. CH2018-7737 (STINT).

DATA AVAILABILITY

The data that support the findings of this article are avail-
able from the authors upon reasonable request.

APPENDIX A: DETAILS IN THE REINFORCEMENT
LEARNING

We implement Double Deep Q-learning [35] to increase
the stability of training. In the implementation of deep Q-
learning, the feedforward network is constructed with two
hidden layers with 16 and 32 neurons, with leaky ReL.U
functions as activation functions. State transitions are stored
in a replay memory. A random minibatch of state transitions
is sampled for updating the neuron network at a frequency of
every four state transitions.

During training, the learning rate, a=
max(0.999% g, tmin ), decays from its initial value «g to
the minimal value o, where N; is the number of updates in
the deep Q-network Q(s, a; 6,), which is a function to evaluate
the action a given a state s, and 6, is the network parameter.
To encourage the exploration in different actions, an e-greedy
policy is used during training. The glider chooses random
actions with a small probability €, and chooses the action
that maximizes Q(s, a;0,) otherwise. The exploration rate,
€ = max(eososoT?)N, €min), decays in every episode from ¢ to
the minimal value, €yi,, where N is the number of episodes.
Hyperparameters for training are listed in Table III.

Figure 6 shows that the training converges at around 4000
episodes. Here, the training is considered converged when

6 -
4t I
S 2f
=
S
o \ I
i —— Ga=44
Ga=354
4f —— Ga=283
0 1000 2000 3000 4000 5000
N

FIG. 6. Average of value function (Q(s,a)) vs the number of
episodes N. The data are smoothed with a moving average over 20
episodes.
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FIG. 7. Comparison of the hydrodynamic torques obtained from DNS and predicted by the empirical model. (a)-(c) Glider settling with
d = 0 and an initial angle 6 = 7 /3. (d)—(f) Glider following the strategy d(¢) = sgn[0(t)]dmax. (a), (d) Ga = 4.4; (b), (e) Ga = 35.4; and (c),
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TABLE III. Hyperparameters for the deep Q-learning algorithm.

Hyperparameter Value
Minibatch size 256
Optimizer Adam
Replay memory size 8192
y 1.0
[e74) 0.1
Omin 0.002
€0 1
€min 0.2

Q(s, a; 0,) does not substantially change with 6,. This is in-
dicated by that the average of (Q(s, a)) = N,’1 Zf':’, o(s;, a;)
remains steady as the number of episodes increases. Upon
convergence, the learned strategy is tested without e-greedy
exploration, i.e., € = 0.

APPENDIX B: EMPIRICAL MODEL
FOR ROTATION DYNAMICS

Figure 7 compares the torques predicted by the model in
Eqg. (6) to the torques obtained by our DNS. Figures 7(a)-7(c)

show that the torque on a settling glider with d = 0 is well
predicted by the torque model. The torque model is less accu-
rate when the glider can change its center of mass according
to the heuristic tumbling [Eq. (8)], as shown in Figs. 7(d)-7(f).
The inaccuracy occurs when an impulsive torque is generated
by the movement of the center of mass, as a result of the
exchange of angular momentum between fluid and the glider.
However, these torque impulses last for a short time, and the
torque model predicts the torque well the rest of the time.

APPENDIX C: IMPORTANCE OF SIGNALS

The signals perceived by the glider are s = {x — xr,y —
VT, Ux, Uy, 8, @}. To examine their importance, we mask part
of them, and run trainings at Ga = 35.4 to see how the
performance changes. For instance, when x — xt is masked,
the state consists of the remaining five variables: s = {y —
VT, U, Uy, 8, w}. The performances of strategies with differ-
ent signals masked are evaluated by the distribution of the
errors in landing position, xj;ng — X, as shown in Fig. 8. In
the reference case, where none of the signals are masked
[Fig. 8(a)], the error is concentrated around zero. However,
the error spreads over a wide range when x — xt, 6, or w is
masked, as shown in Figs. 8(b), 8(d), and 8(g), respectively.

[1] S. P. Yanoviak, R. Dudley, and M. Kaspari, Directed aerial
descent in canopy ants, Nature (London) 433, 624 (2005).

[2] C. Cummins, M. Seale, A. Macente, D. Certini, E. Mastropaolo,
I. M. Viola, and N. Nakayama, A separated vortex ring un-
derlies the flight of the dandelion, Nature (London) 562, 414
(2018).

[3] C. K. Augspurger, Morphology and dispersal potential of wind-
dispersed diaspores of neotropical trees, Am. J. Bot. 73, 353
(1986).

[4] B. H. Kim, K. Li, J. Kim, Y. Park, H. Jang et al., Three-
dimensional electronic microfliers inspired by wind-dispersed
seeds, Nature (London) 597, 503 (2021).

[5] J. M. Kahn, R. H. Katz, and K. S. J. Pister, Next century
challenges: Mobile networking for smart dust, in Proceedings
of the 5th Annual ACM/IEEE International Conference on Mo-
bile Computing and Networking (ACM, Seattle, WA, 1999),
pp. 271-278.

[6] P. F. J. Lermusiaux, D. N. Subramani, J. Lin, C. S. Kulkarni, A.
Gupta, A. Dutt, T. Lolla, P. J. Haley, Jr., W. H. Ali, C. Mirabito,
and S. Jana, A future for intelligent autonomous ocean observ-
ing systems, J. Mar. Res. 75, 765 (2017).

[71 N. E. Leonard, D. A. Paley, F. Lekien, R. Sepulchre, D. M
Fratantoni, and R. E Davis, Collective motion, sensor networks,
and ocean sampling, Proc. IEEE 95, 48 (2007).

[8] B. Mitchell, E. Wilkening, and N. Mahmoudian, Low cost
underwater gliders for littoral marine research, in Ameri-
can Control Conference (ACC), Proceedings of the American
Control Conference (IEEE, Washington, DC, USA, 2013),
pp. 1412-1417.

[9] J. Happel and H. Brenner, Low Reynolds Number Hydrodynam-
ics: With Special Applications to Particulate Media (Springer
Science & Business Media, Berlin, Germany, 1983).

[10] J. Pierson, M. Kharrouba, and J. Magnaudet, Hydrodynamic
torque on a slender cylinder rotating perpendicularly to its sym-
metry axis, Phys. Rev. Fluids 6, 094303 (2021).

[11] R. E. Khayat and R. G. Cox, Inertia effects on the motion of
long slender bodies, J. Fluid Mech. 209, 435 (1989).

[12] D. Lopez and E. Guazzelli, Inertial effects on fibers settling in
a vortical flow, Phys. Rev. Fluids 2, 024306 (2017).

[13] K. Gustavsson, M. Z. Sheikh, A. Naso, A. Pumir, and B.
Mehlig, Effect of particle inertia on the alignment of small ice
crystals in turbulent clouds, J. Atmos. Sci. 78, 2573 (2021).

[14] F. Candelier, R. Mehaddi, B. Mehlig, and J. Magnaudet,
Second-order inertial forces and torques on a sphere in a viscous
steady linear flow, J. Fluid Mech. 954, A25 (2023).

[15] P. Ern, F. Risso, D. Fabre, and J. Magnaudet, Wake-induced
oscillatory paths of bodies freely rising or falling in fluids,
Annu. Rev. Fluid Mech. 44, 97 (2012).

[16] U. Pesavento and Z. J. Wang, Falling paper Navier-Stokes solu-
tions model of fluid forces and center of mass elevation, Phys.
Rev. Lett. 93, 144501 (2004).

[17] A. Andersen, U. Pesavento, and Z. J. Wang, Analysis of transi-
tions between fluttering, tumbling and steady descent of falling
cards, J. Fluid Mech. 541, 91 (2005).

[18] S. B. Field, M. Klaus, M. G. Moore, and F. Nori, Chaotic
dynamics of falling disks, Nature (London) 388, 252 (1997).

[19] P. Paoletti and L. Mahadevan, Planar controlled gliding, tum-
bling and descent, J. Fluid Mech. 689, 489 (2011).

[20] V. Mnih, K. Kavukcuoglu, D. Silver, Andrei A. Rusu, J.
Veness, M. G. Bellemare, A. Graves, M. Riedmiller, A. K.
Fidjeland, G. Ostrovski, S. Petersen, C. Beattie, A. Sadik, I.
Antonoglou, H. King, D. Kumaran, D. Wierstra, S. Legg, and
D. Hassabis, Human-level control through deep reinforcement
learning, Nature (London) 518, 529 (2015).

043200-9


https://doi.org/10.1038/nature03254
https://doi.org/10.1038/s41586-018-0604-2
https://doi.org/10.1002/j.1537-2197.1986.tb12048.x
https://doi.org/10.1038/s41586-021-03847-y
https://doi.org/10.1357/002224017823524035
https://doi.org/10.1109/JPROC.2006.887295
https://doi.org/10.1103/PhysRevFluids.6.094303
https://doi.org/10.1017/S0022112089003174
https://doi.org/10.1103/PhysRevFluids.2.024306
https://doi.org/10.1175/JAS-D-20-0221.1
https://doi.org/10.1017/jfm.2022.1015
https://doi.org/10.1146/annurev-fluid-120710-101250
https://doi.org/10.1103/PhysRevLett.93.144501
https://doi.org/10.1017/S0022112005005847
https://doi.org/10.1038/40817
https://doi.org/10.1017/jfm.2011.426
https://doi.org/10.1038/nature14236

JIANG, QIU, GUSTAVSSON, MEHLIG, AND ZHAO

PHYSICAL REVIEW RESEARCH 7, 043200 (2025)

[21] B. Mehlig, Machine Learning with Neural Networks: An In-
troduction for Scientists and Engineers (Cambridge University
Press, Cambridge, 2021).

[22] S. Colabrese, K. Gustavsson, A. Celani, and L. Biferale, Flow
navigation by smart microswimmers via reinforcement learn-
ing, Phys. Rev. Lett. 118, 158004 (2017).

[23] G. Novati, L. Mahadevan, and P. Koumoutsakos, Controlled
gliding and perching through deep-reinforcement-learning,
Phys. Rev. Fluids 4, 093902 (2019).

[24] P. Gunnarson, I. Mandralis, G. Novati, P. Koumoutsakos, and
J. O. Dabiri, Learning efficient navigation in vortical flow fields,
Nat. Commun. 12, 7143 (2021).

[25] J. K. Alageshan, A. K. Verma, J. Bec, and R. Pandit, Machine
learning strategies for path-planning microswimmers in turbu-
lent flows, Phys. Rev. E 101, 043110 (2020).

[26] J. Jiang, Z. Yang, A. Ferreira, and L. Zhang, Control and au-
tonomy of microrobots: Recent progress and perspective, Adv.
Intell. Syst. 4, 2100279 (2022).

[27] A. Roy, R. J. Hamati, L. Tierney, D. L. Koch, and G. A. Voth,
Inertial torques and a symmetry breaking orientational transi-
tion in the sedimentation of slender fibres, J. Fluid Mech. 875,
576 (2019).

[28] X. Jiang, C. Xu, and L. Zhao, Settling and collision of
spheroidal particles with an offset mass centre in a quiescent
fluid, J. Fluid Mech. 984, A40 (2024).

[29] T. Bhowmick, J. Seesing, K. Gustavsson, J. Guettler, Y. Wang,
A. Pumir, B. Mehlig, and G. Bagheri, Inertia induces strong
orientation fluctuations of nonspherical atmospheric particles,
Phys. Rev. Lett. 132, 034101 (2024).

[30] C.S. Peskin, The immersed boundary method, Acta Numer. 11,
479 (2002).

[31] M. Uhlmann, An immersed boundary method with direct forc-
ing for the simulation of particulate flows, J. Comput. Phys.
209, 448 (2005).

[32] W. Breugem, A second-order accurate immersed boundary
method for fully resolved simulations of particle-laden flows,
J. Comput. Phys. 231, 4469 (2012).

[33] K. Kim, S. J. Baek, and H. J. Sung, An implicit velocity
decoupling procedure for the incompressible Navier-Stokes
equations, Int. J. Numer. Methods Fluids 38, 125 (2002).

[34] X. Jiang, W. Huang, C. Xu, and L. Zhao, A flow-reconstruction
based approach for the computation of hydrodynamic stresses
on immersed body surface, J. Comput. Phys. 508, 113025
(2024).

[35] H. van Hasselt, A. Guez, and D. Silver, Deep reinforcement
learning with double Q-learning, Proc. AAAI Conf. Artif. Intell.
30, 2094 (2016).

[36] R. S. Sutton and A. G. Barto, Reinforcement Learning: An In-
troduction, 2nd ed. (The MIT Press, Cambridge, Massachusetts,
USA, 2018).

[37] H. Lamb, Hydrodynamics (Cambridge University Press, Cam-
bridge, United Kingdom, 1924).

[38] L. I. Sedov, Two-Dimensional Problems of Hydrodynamics and
Aerodynamics (1zdatel Nauka, Moscow, 1980).

[39] G. Oh, H. Park, and J. Choi, Drag, lift, and torque coefficients
for various geometrical configurations of elliptic cylinder under
Stokes to Laminar flow regimes, AIP Adv. 12, 065228 (2022).

[40] S. I. Rubinow and Joseph B. Keller, The transverse force on a
spinning sphere moving in a viscous fluid, J. Fluid Mech. 11,
447 (1961).

[41] J. S. Jaffe, P. J. S. Franks, P. L. D. Roberts, D. Mirza, C.
Schurgers, R. Kastner, and A. Boch, A swarm of autonomous
miniature underwater robot drifters for exploring submesoscale
ocean dynamics, Nat. Commun. 8, 14189 (2017).

[42] InvenSense, MPU-6000 and MPU-6050 register map and
descriptions revision 4.2, 2013, retrieved from InvenSense
website, https://invensense.tdk.com/wp-content/uploads/2015/
02/MPU-6000-Datasheet1.pdf.

[43] C. Harvey, V. B. Baliga, P. Lavoie, and D. L. Altshuler, Wing
morphing allows gulls to modulate static pitch stability during
gliding, J. R. Soc. Interface 16, 20180641 (2019).

[44] F. Candelier, K. Gustavsson, P. Sharma, L. Sundberg, A. Pumir,
G. Bagheri, and B. Mehlig, Torques on curved atmospheric
fibers, Phys. Rev. Res. 7, 013179 (2025).

[45] E. Huseby, J. Gissinger, F. Candelier, N. Pujara, G. Verhille, B.
Mehlig, and G. Voth, Helical ribbons: Simple chiral sedimenta-
tion, Phys. Rev. Fluids 10, 024101 (2025).

[46] F. Candelier and B. Mehlig, Settling of an asymmetric dumbbell
in a quiescent fluid, J. Fluid Mech. 802, 174 (2016).

[47] A. Roy, S. Kramel, U. Menon, G. A. Voth, and D. L. Koch,
Orientation of finite Reynolds number anisotropic particles set-
tling in turbulence, J. Non-Newtonian Fluid Mech. 318, 105048
(2023).

[48] S. Ravichandran and J. S. Wettlaufer, Orientation dynamics of
two-dimensional concavo-convex bodies, Phys. Rev. Fluids 8,
L062301 (2023).

[49] Z. Maches, M. Houssais, A. Sauret, and E. Meiburg, Settling of
two rigidly connected spheres, J. Fluid Mech. 995, A15 (2024).

043200-10


https://doi.org/10.1103/PhysRevLett.118.158004
https://doi.org/10.1103/PhysRevFluids.4.093902
https://doi.org/10.1038/s41467-021-27015-y
https://doi.org/10.1103/PhysRevE.101.043110
https://doi.org/10.1002/aisy.202100279
https://doi.org/10.1017/jfm.2019.492
https://doi.org/10.1017/jfm.2024.248
https://doi.org/10.1103/PhysRevLett.132.034101
https://doi.org/10.1017/S0962492902000077
https://doi.org/10.1016/j.jcp.2005.03.017
https://doi.org/10.1016/j.jcp.2012.02.026
https://doi.org/10.1002/fld.205
https://doi.org/10.1016/j.jcp.2024.113025
https://doi.org/10.1609/aaai.v30i1.10295
https://doi.org/10.1063/5.0097916
https://doi.org/10.1017/S0022112061000640
https://doi.org/10.1038/ncomms14189
https://invensense.tdk.com/wp-content/uploads/2015/02/MPU-6000-Datasheet1.pdf
https://doi.org/10.1098/rsif.2018.0641
https://doi.org/10.1103/PhysRevResearch.7.013179
https://doi.org/10.1103/PhysRevFluids.10.024101
https://doi.org/10.1017/jfm.2016.350
https://doi.org/10.1016/j.jnnfm.2023.105048
https://doi.org/10.1103/PhysRevFluids.8.L062301
https://doi.org/10.1017/jfm.2024.711

