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* Finding efficient path is important:
o Food tracking
o Escape from harmful regions

* To navigate in a complex environment, microswimmers

exploit local cues:
o Flow velocity gradients
o Light gradients (phototaxis)
o Chemical concentration gradients (chemotaxis)

* Applications in the design of artificial swimmers:
o Targeted delivery of drugs
o Environmental monitoring
o Smart Lagrangian Control of Turbulence

* First formulation of the problem by Zermelo (1931):
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Examples of Optimal navigation problems in the literature

Zermelo’s problem. Path planning for
minimizing navigation time [1]
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* Swimmers with definite size and shape —> Flow-induced torque’ Max /‘:\%%

* Axisymmetric microswimmers dynamics at low Re: I
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* Stochastic flow model (2D) *: u(x, t) = (0,¥,—0,¥), where <

» Flow dynamics identified by single dimensionless parameter:

[Kubo number|

* Microswimmer model (self-propelled spheroid):

Ku= UrmsTr » Slower flow evolution at larger Ku
(Ku — oo : time-independent flow)

Dimensionless swimming speed = Vg /Urms =1 /2
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Maximize distance from origin within a time T

Vv

Goal

[optimal escape problem]

* Proximal Policy Optimization (PPO) algorithm:

l ’ Action (sampled) |
Input /v. _1\_, Y RN \JO
signals
Normal distribution Update swimmer dynamics

Neural network of A€ [—1,1]

* Random initial position and orientation.
* Reward = distance from origin within time T.

Snnr Snp, .

Swimmer’s  Flow gradients

* Continuous input signals: n,., n;

orientation components 0®



Performance comparison across flow regimes

* Baseline strategies:

A. Constant-shape swimmers (INaive):
o Empirically checked that elongated swimmers
perform best:

A=Ay, = 0.98

(aspect ratio = 10)

B. Short-time optimization (STO) strategy:

o Underlying mechanism: choose A so that
swimmer tends to align to e,

o Obtained by maximizing distance in short time
limit:

A(t) = _AmaxSign(nt)Sign(Snp)

Normalized reward
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Trajectories

Black: naive swimmers (A = 0.98)

Yellow: smart swimmers (RL)

Red star: initial position

Black dashed circle: maximal distance that a swimmer can travel without the flow
Time horizon: T = 2007k
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Small Ku

Smart swimmer recovers STO strategy

(no long-time planning required)

Large Ku

Emergence of §y,-@ relations producing new A-patterns
(learned long-time planning)
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A(t) = _AmaxSign(nt)Sign(Snp)

 Use vorticity/strain to stabilize otientation if it points away (n, > 0)

* Become oblate when it points towards the origin (n, < 0)
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* 2D turbulent flow from DNS Navier—Stokes (direct

cascade).
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Conclusions

Summary of the results:

* Task: escape from a point in a complex flow by controlling shape.
* RL tested against baselines: constant shape (naive) or Short-Time-Optimal (STO).

* Smart swimmers adapt to the temporal structure of the flow:
o Recovers STO in the small Ku limit.
o RL discovers interpretable, physics-related policies.
o Robust to rotational noise, sensing window and time horizon.

* RL strategy transfers successfully from synthetic to real turbulence.

Possible extensions:
* Include energetic costs.
* Navigation in 3D flows.

* Optimize different tasks: stay close to the origin, predator-prey dynamics, optimize feedback on the flow (needs
tully differentiable two-way coupled Lagrangian-Eulerian codes)



