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Physics-Informed Critic in an Actor-Critic Reinforcement Learning for Swimming in
Turbulence (2024), soon on arXiv.
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Disclaimer

This talk was haphazardly crafted (mostly today).
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Reference

Most of the material in this talk is from:

Learning

An Introduction
second edition
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Framework

Markov Decision Process:
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reward hypothesis:

THEY GIVE YOU A LOT OF
TREATS WHILE THEY'RE TRAINING

YOU, SO PLAY DUMB FOR AS
LONG AS YOU CAN.

That all of what we mean by goals and purposes can be well thought of as
aximization of the expected value of the cumulative sum of a received
signal (called reward)
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Dynamic Programming

Bellman optimality equations:
v.(s) = maxE[Riy1 + 0. (Si41) | Se=s, Ar=ad]
a

:m:a.pr(s’,r‘s,a) [r+')v*(s’)] or evaluation
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TD Learning

Idea:

V(S,) « V(S,) +a [Gt . V(St)]

1 step approx:
V(St) < V(Si) + a[Rt+1 + YV (St41) — V(St)}

Gipn = Ris1+7Rigpo+ - +9"  Ripn + 7" 0(Stin,Wign—1), 0<t <T—n,
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Approximate of Q and V
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Approximate of Q and V
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Policy Gradient

J(g) = v'ﬂ'e (S) Algorithm 1 Vanilla Policy Gradient Algorithm

1: Input: initial policy parameters fly, initial value function parameters ¢y
2 for k=0, ...do
Collect set of trajectories Dy = {7;} by running policy m = 7(6) in the environment.
Compute rewards-to-go R,

T
_ Ty 5 Compute advantage estimates, A
Vol (m) = E E Vologmo(ar|se) A™ (s, @) | 7 G tument vae tntion 1
t=0

(using any method of advantage estimation) based

T~ nt (
6: Estimate policy gradient as

p
. 1 5
= 33 Vologmo(adsi)ly, Are

5.5
9k+1 =0, + OéVeJ(TF@k) 7 Compute policy update, cither using standard gradient ascent,
s = Ok + Qnins

or via another gradient ascent algorithm like Adam.
8 Fit value function by regression on mean-squared error:

T 2
der = argmin \Di\'z‘ SO (Vels) - )

€Dy t=0

typically via some gradient descent algorithm
9: end for

https://spinningup.openai.com/en/latest/algorithms/vpg.html
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