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What is the bias introduced by entropy regularisation? Are complexity measures linked to noise robustness?

Background

Partially Observable Markov Decision Process (POMDP)
Xh_|_1 — F(Xh, Uh)

Notations

PgT . trajectory probability with observation noise DNERE expectation under PgT

P" = Pg : no noise (¢ = 0)

I’ : state operator

Y, =G (Xh) +e, e~ ./\/'(07 O'%Id) (7 : observation operator

€ : Gaussian noise

Excess Risk Metrics
R™ — ™€ {th—o vhc(Xh,Uh)} _ [T [ZhH:O Ste (Xh,Uh)}
— J7T,€ _J7T

37T JTe—JTm _ RT
R JT - JT

Maximum-Entropy Objective
J7r =B Sl (X0 Un)| — o BT | SiLg v M (- | X))

(v . entropy coefficient
‘H : entropy

Goal

Evaluating the Robustness R of Max-Entropy Policies under Observation Noise ¢ ~ N(O, J%Id)
Noise-free training with PPO —» P" = P :nonoise (¢ =0)

. RL Environments: Lorenz -  Kuramoto-Sivashinsky (KS)
5 Coeff- @ (X 10 SeedS) > 5 X 10 pOIICIGS (7-‘-02;) 60 reward_type = rate_discounted_reward | equilibria = 2 reward_type = rate_discounted_reward | equilibria = 2
Test mg= under different noise levels on Y -
e 1 — J7° 2 (noise impacts perf) o coet ()
a>0 — RN, (robustness) 0 - 0.0
o e = oo
Find complexity measures M (my) controlling the Excess Risk R ™ —
Parameterised Policy 7y c it T
> omplexity measure: M : 6 —
Parameter Space 6 € © P y z ol 1
Comple>.<|ty measures quantify model c.omplexny w o o w _w o
ReQUIarlsatlon » Low CompleXIty Variation JW;’;—*‘]W*. Each bar block : noise intensity €

Colors: o = 0 (black), a > 0 (blue), a,,.« (red)

Question

Which complexity measures indicate noise robustness? \Why do high entropy'policies{earrbetter final solutions?

Contribution

Introduction of complexity measures from Statistical Learning

Norm-based Complexity Measures o M(mp,D)=10,|,
o (| Xk) ~ N (o (Xk), 0o, 1)

If pg () = (010011 0...001) (2), Lips(pe) < [T,y Lips (0:) = [T,y [I6:]
Regularity - Lipshitz Continuity » Lipshtitz bound (norm product)?

o M(mp,D) = Hfi:lH%Hp where 7, is the i*" layer of the network py,

Sharpness-based Complexity Measures
Curvature - Hessian » Fisher Information?

Objective landscape - Robustness » Flat minima?

V3T =B | e (Xn, Un) (Vologm (Us | Xi) Vologmo (Uy | X5)" + V5 log o (U | X))

Z(0) = — EX~pUnmeCIX) T2 00 0 (U | X))

o M(rg,D) =Tr(Z(0),)) = Tr(— BEX~7"U~moC1X) 73 ooy (17| X))
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