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INTRODUCTION MIDPOINT POLICY ITERATION

Basic Goal of Control Model Known Model Unknown |
Apply inputs to drive the state of a system towards a reference (e.g. the origin) Compute value functions by solving Lyapunov Estimate value functions using least-squares
equations (DLYAP) temporal differencing for Q-functions (LSTDQ) [3]
Value FunCtIQn Paradlgm . . . . Algorithm 1 Exact midpoint policy iteration (MPI) Algorithm 2 Approximate midpoint policy iteration (AMPI)”
Use a value function & dynamic programming to design a policy that maps states to inputs
while k < N do while k < N do
Obstruction Ay =A11] Newton policy improvement K = —f[;_{l‘kﬁw_;ﬁ
Value function is unknown and must be estimated from a finite number of noisy measurements Collect data DN = ROLLOUT( [{’;‘t__ l, Xy, {U, }f: 0)
PA\H = DLYAP(FV, ™) Newton policy evaluation f[;\;l — LSTDQ(DY, Ky, Q)
My, = 5(Pr + Pl y) Midpoint value function Hp' = %A(Hk + }{é\;l)
| INEAR QUADRATIC REGULATOR NEWTON METHODS Midpoint policy improvement L = —H2 ), _
Ly = K(Mj) Collect data DM — ROLLOUT(Ly, £, Xo, {U; }_p)
o 1 a 2T [0 Quul (24 Goal: Find a root x of the vector equation f(x) = 0 Py+1 = DLYAP(FM SM) Midpoint policy evaluation IA{;?H = LASTDQ(DMﬁ LkiQM)
ml“g_‘_llerll/_[llze 1],_1_:[}100 T 4,,xo,wt Z ut qu Quu ut . . o Sh|ft Value fUI‘lCtIOI‘I Hk_|_1 —_ H}?—Fl —|‘ (Q - QM)
t=0 - & - -5 Derive Newton methods from the Newton-Leibniz integral : Thisis the ononol o The off-nol: . ol
. X LOcal CUbIC COnvergence : 1S 1S 601]1.’1 pOéCYVGI‘SIOIﬁ. € OIT-POIICYy VEersion uses d single
SubJeCt to xt—|—1 — A:E-[; _I_ But _I_ wt O . . / d - ataset D collected once at the start.
=f)=| f'¥)dt IfIIKo — K*|l small enough, then || Ky, — K*|| < O(IIK,, — K*|I®) forall k.
. Xk
X 15 glle SYStteml §tatet Left rectangular integration - Newton method
U 15 the controlinpu = Converges quadratically
w, 1s 11.d. process noise with zero mean and covariance W Midpoint rectanggular integration - Midpoint method N UMERICAL E XPERIMENTS
A, B are the system matrices « Converges cubically
. . . . Exact Pl o
[1is the space of measurable history-dependent policies _9._6 e e =
T = {T[t} W].th U = ﬂt(x():t, uO:t—l) f" (xk) 107+ I. Approx. PI : 100 ———— 100 j———— 1009
/ L 103 - Approx. MPI O
. L —2 -2 —2
Matrix Operators y - 10 o1 2 1
T I I A
H(P):=Q+[A B]'P[A B f(xx) y g ook o(A)
" 4 © k=5 k =6 k =7
R(P) = —P + Hpu(P) — Haou(PYH I (P)Hoys (P) ‘;9 S o o 10° 105 102 102
* 7 4(-!0
IC(P) s — _H’l:’l} (P)Hux (P) X 7 7/ 10~ 100 109 , oL ST oY) ST
. : . . . . I/ . xM Xk 17 = 1078 . 107> ﬁfi : 1072 1072
Directional Derivative of Riccati Operator ol | N TR 123 45 6 7 89101112 oom T m T a T om f
Eval d -t ¥ in direction P f (?C ) k+1 | _ lteration | | p(A) . P(A) N p(A) p(A) |
valuated at POmt In direction k X Relative error ||P, — P*||/||P*|| vs iteration count k using (A)PI and Ratio of relative errors ||P, — P*||/||P*|| using AMPI divided by that using API vs open-loop spectral radius
k+1 (A)MPI on an inertial mass control problem. on randomized control problems. Each subplot shows a single iteration count k.

R'(X,P) = —P + (A+ BK(X))TP(A + BK(X))

~ | Initial guess z;,

Newton |< Find tangent hyperplane f/(x)

LQR solved by linear state feedback u, = Kx, with gain | B Find zero crossing of hyperplane f(x;) and set as zl, CO NCLUSIONS
K = K (P) and P solves the algebraic Riccati equation

R(P) =0 Find midpoint of zj and z} ; and set as x} We proposed a variant of policy iteration based on the midpoint
LQR is a root-finding problem! ‘ Midpoint ‘ Find tangent hyperplane f(z) Newton method with an enhanced convergence rate
@ Find zero crossing of hyperplane f/(21) and set as x4 Numerical experiments verify faster convergence, useful in the
online setting where data is more expensive than computations
Future Work
P O I_l CY | T E RAT | O N . C O N N E CT | N G O PT | M A I_ C O N T R O I_ 8( R O O T Fl N D | N G = Global, non-asymptotic convergence guarantees. This work is supported by the United States Air Force Office of Scientific Research under
» FExtensionsto multi—point and high—order Newton methods. award number FA2386-19-1-4073 and by the National Science Foundation under award

. . . number ECCS-2047040.
= Generalization to nonlinear systems.

General stochastic optimal control: Policy iteration <> Newton method on Bellman equation [1]

Linear quadratic regulator: Kleinman-Hewer algorithm < Newton method on algebraic Riccati equation [2] TEASER
Begs the questions CONTACT Benjamin Gravell  benjamin.gravell@utdallas.edu
= Whatisthe analOgue Ofthe mldelnt methOdfor LQR7 CODE https://qgithub.com/TSummerslLab/ Iman Shames iman.shames@unimelb.edu.au
= Can we execute midpoint updates using data-driven value function approximations? midpoint-policy-iteration INFO Tyler Summers(Pl) tyler.summers@utdallas.edu
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