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Introduction
We present a model-based reinforcement learning framework based on
differential dynamic programming (DDP) and sparse spectrum Gaussian
process regression (SSGPR) [4].

Key features of our method

v In contrast to recent GP-based reinforcement learning approaches
[1-3], our method is able to scale high-dimensional dynamical system
and large dataset.

v Our method performs on-line optimization during interactions with
the physical systems, differs from most related approaches.

4 Local trajectory optimization is computationally efficient.
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Incremental update of learned models given new samples.

Problem Formulation I
Consider a general unknown dynamical system

dx = f(x,u)dt +d§,  x(to) =%, d&~N(0,0¢)

The goal is to find controls that minimize the expected cost

J™(x(to)) = Ex| ¢(x(T)) + /t £(x(t), w(x(1),1) ]
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kOur analysis is based on discrete-time representations, e.g., x, = x(tw
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4 Model Learning via Incremental Sparse Spectrum\
Gaussian Process Regression
Probability distribution over transition dynamics — Gaussian processes
f(i) ~ gP(()’k(iivij)) x = (x7 u)
SEkernel k(%;,X;) = o7 exp(—3(X; — X;)"P7H(X; — X;))
GP regression dx*|X,dX,x* ~ N (k*TG71dX, k* —k*TG™'k")
Fourier feature approximation of shift-invariant kernel functions
K5 = [T p()de = Bl (0)dw (%), du®) = lcos('3) sin(wT5)
Draw r random samples from the distribution p(w)
Unbiased approx. k(Xi,%;) = 21 Do, (%i) Doy, (X5) = d(%i) D(%;)
Feature mapping (%) = “£[ cos(R%) sin(Q2'%) |7, @ ~ N (0,P7})
dx*[X,dX, %" ~ N(w'¢*,02(1+ ¢*TA"1¢"))
OE*) = ¢*,w = AT1®IX, A = 88" + 02371, @ = [ p(%1) o(xnN) .
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Incremental update given a new sample

Keep track of Cholesky factor A — RTR Rank-1tupdate R
\Complexity 0O(r*2), where r is the number of random feature

/" Controller Learning via Differential Dynamic
Programming
Linear approximation of the SSGP dynamics model around a trajectory
Xg4+1 = .F(Xk, Uk) —> (Xp41 = .F,f&xk + .F,l‘éuk
Bellman equation for value function

V(xg, k) = nlllin]E L(xg,ug) + V(}'(xk,uk), k+ 1) [xk
k 7
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Quadratic approximation of the value function
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b = arg min [ Qu (R + 8, e + due) | = —(Q4) Q% —(QE") Q4" s = T + Lo
Suy ——— —— —
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Qr(Xp + 6%k, T + 0ug) ~ QF + QFdx + QFduy + 3 [ Qi
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Optimal control policy 1y = Uy + 00y

I Ly

Backward propagation

T = LE+ VEFE, Q) = L+ VEFE, QF = L7 + (F)TVE

QFF = Ly + (F&) TV FE, Qi = L + (F) TV
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Numerical Results
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Goal: steer the end-effector to the desired

Goal: fly to 10 different targets from the
position and orientation in 50 time steps.

same initial position in 30 time steps.
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Quad rotor example. Each figure show the mean and standard deviation of final trajectory
costs over 10 independent trials using offline and online learning. We obtained training data
by performing 150 rollouts (4500 data points) around a pre-specified trajectory
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PUMA-560 example. Each figure show the mean and standard deviation of final trajectory

costs over 10 independent trials using offline and online learning. We collected 5000 data

points offline from random explorations
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Vi1 = Vi + QiL, Vily = QF + QiLy, Vi = QF + Q¢ L.
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