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Introduction: Uncertainty in Control

w

¢ xt+1 — ENV(ut, Wt) 1 t
* The agent defines the performance function. ] ENV( )

i ' i e Xt+1
» Goal: find optimal policy: u; = m(x;). Agent
-
(0.0)
T* = arg min ](T[) = Z Ct(xt) ut) cost
T t=0

* Aconvenient approach: Simulation | x,,1 = fo(x, up) + wy

* Sim-to-reality problem: 6 cab be wrong = Performance degradation.

« Domain Randomization: Assume 6~D, optimize | Tpr = arg m7iTn Eg|J(m, 0)]

 Approximate by Monte Carlo
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« Optimal policy for conventional LQR: u; = m(x;) = Kx;

* DR-LQR: Given M sample Hj i.i.d, find

1 M
* __ . _ T .
K* = arg, min Jsa(K) =5 E j=1Tr[(Q + K'RK)Z]

s.t. % = (4 + BK)%i(A; + BK) +1

* The set of Joint stabilizing controller: Kis = {1(; ,D(Aj + BjK) <1, vj}

* Assumption: X, is non-empty.
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Key ldea

* One popular approach: Policy Gradient (PG), but:

» Do notinherently enforce stability for every model

» Weak constraint handling
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* One popular approach: Policy Gradient (PG), but:

» Do not inherently enforce stability for every model

» Weak constraint handling

e Our proposal: Use Semi-Definite Programming (SDP) Framework
» Efficiently incorporate constraints such as stability.

» Sample efficient in a data-driven method

 Challenge: No direct SDP formulation existfor M > 1

» Idea: Iteratively update K solving SDP problems =» SDP descent
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Proposed Algorithm: SDPD

Given stabilizing gain K and X; at iteration i:
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Proposed Algorithm: SDPD

Given stabilizing gain K and X; at iteration i:

* Perturbby K + 6 and X; + g;

* Linearize objective and constraints by:
» Expanding
» Removing high order terms

e Resultsinan SDP:

M
0" = ar minz Tr 0+ Ry : O
gO'j,5 =1 [QK ] K,j ]

_ . T _ T

Si40>0, 6llp<n, j=1,.,M

* ||6]|F < n: Stability and linearization guarantee

* 0" isthe steepest descent of /5, in linearized constraint set.
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Experiments
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Experiments

* Domain Randomization vs Min-Max (100 try):
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« Domain Randomization: model (environment) uncertainty

> Less conservative than Min-Max

e Use SDP for DR-LQR:
» Efficient for constraint optimization (e.g., stability constraints)

» Sample efficient

 SDPD: Iteratively solve an SDP for the next update
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Thank you for your attention.
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* Proposition 1 (Stability):
» For small enough update, K + 6 remains stabilizing.
» A sufficient condition is:

| J (ot e T e o

* Proposition 2 (linear approximation):
» The covariance change satisfies ||oj||F = O0(||5lg),
» The linear approximation is accurate for small steps.

* Inpractice:
» choose 7 from the stability bounds.
» Shrink the step if cost does not improve.
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Joint Stabilizing Initial Controller (JSIC)

How to find K stabilizing all sample systems?

1) Common state covariance constraint
Zj =X forall j=1,...,.M

=» SDP formulation exist

=» Can become infeasible

2) K, is stabilizing for all sample systems ifa™ < 1in:

a*=arg min «
aj,KO,Pj

s.t. (A;+BiK,)Pi(A; + BiK,)' < a;P;,
a>aj, Pj>0, j:1""'M

> Use SDPD starting with K, = 0, @; = [(1 + £)p(4;)]’
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