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Motivation

Reinforcement Learning (RL) studies Learning approaches
for model-free optimal control of dynamical systems. Two
basic assumptions in RL are

The system dimension is fully known.
All states are measurable.
We aim to relax these two assumptions.

Problem Formulation

We consider uncertain Partially Linear Systems
e Uncertain linear system

T = Ax + B(u+ Az, 2)), (1)

» Uncertain dynamical system

¢ = flz,2)
A=Az, z) (2)
» The value function to be optimized
Vir,u) = /OO 1 Qx + u! Ru dr (3)
t
Assumptions

Assumption 1: r has a known dimension and it is
measurable. ~ has an unknown dimension and it is not
measurable.

Assumption 2: The function f(x, z) is unknown but
locally bounded, Lipschitz continuous and f(0,0) =
0. The output A(z, z) is measurable during learning.
Assumption 3: The uncertain system (2) has strong
unboundedness observability (SUO) property with
zero offset [r2].

Assumption 4: The uncertain system (2) has an up-
per bound for the £5-gain ;.
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Robust On-Policy. Extended from [r3]

i: Initialize: Select a stabilizing K and set k = 0.

2: repeat
3:  Execute ul®) = K®z to collect z, A samples.
4. Find P from
()T PWx(t) — z(t + 6t)T PWa(t + 6t) (4)

t4ot t+ot
_ / O + T Ry® — / T PWBA dr.
t t

5:  Improve the policy by u**! = —R=IBT Py,
6: until Convergence

Robust Off-Policy

1. Initialize: Select a stabilizing K and set k = 0.
2: repeat

3 Execute u'®) = K"z +eto collect z, A samples.
4. Find P% and K%Y from

L () PWx(t) — 2 (t + 6t) PP (t + 6t)

t+0t
:2/ 2T KT Ry 4+ A — u™)dr
t (5)
t+6t
4 / 2(Q + KWTRK ™) zdr.
L
5. until Convergence.

Theorem
Set v, < 77 ' and select Q > 0, R > 0 to satisfy

Ny, 1 <Q, (6)

for some n» > 0. Then, the uncertain system (1)-(2)
is globally asymptotically stable at the origin using
wFt) = KE+Dg VE or Pt = KDy 4 e VE in each
iteration of the on-policy or off-policy routines.

R < nl,

Simulation Result
Two inverted pendulums connected by a spring

Uil = Y2,
migl  kr? 1 k12 (7)

7 4Ji)yi1+ji(ui | 1 sin(y1)),

Uio = (

my; = 2 kg, me = 2.5 kg, J, = 0.5 kg.m*, Jo, = 0.625 kg.m?,
k=100 N/m,l =05m, r=1mand g = 9.81 m/s*. We con-
sider pendulum one as the linear uncertain system, pendu-
lum two as the dynamical uncertainty and we fix u, = K"z =

'—10 —5] 2. The £,-gain: v, = 7.919.

Analytical method Model-free Algorithm

P* = [404.210 3.924 P®) = [404.210 3.924

3.024  8.773] 3.924  8.773]
K*=1[-7.848 -17.546] K®t) = [-7.848 -17.546 ]
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Conclusions

A simple design criterion for stability of uncertain par-
tially linear system during on-policy and off-policy learn-
Ing.
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