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Threshold 
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LQR kernels for efficient Controller Learning [1]
Motivation 
Tuning robot controllers manually is tedious, and 
time consuming 
Goal 
Learn efficiently LQR controller parameters from 
data 
Inconveniences 
Standard kernels agnostic to the learning problem 
Our approach  
Choose the correct prior for each control problem. 
Merge LQR controller structure into kernel: LQR 
Kernel

Goal: Controller learning [3]

xt : states
ut : control input

F : feedback controller
✓ : parameters

Control loop Gaussian process
J(✓) ⇠ GP(m(✓), k(✓, ✓0))

m(✓) : mean
k(✓, ✓0) : kernel

Bayesian Optimization
Guides exploration 
towards informative 
areas to learn faster 
the global optimum

Automatic LQR tuning [3]
Unknown system

Cost

Stochastic cost

Example

Non-parametric LQR kernel

xt+1 = 0.9xt + ut + vt, vt ⇠ N (0, 1)True system

xt+1 = âxt + b̂ut + vt, vt ⇠ N (0, v)
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Parametric LQR kernel
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ut = fxt

Available model
Feedback controller

f = lqr(a, b, q, r)LQR is suboptimal

Goal: Find optimal    by collecting 
data from the unknown system. 
Include problem structure in kernel

f = lqr(a, b, q, r)

(a = 0.9, b = 1)Available model Available model ! (a = 0.8, b = 0.9)

J(f) = v
(q + rf2)

1− (a + bf)2
:= φ(a,b)(f)

Cost: closed-form given model

θopt = argmin
θ

J(θ)

LQR kernel construction

Kernel trick
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Parametric LQR kernel with     features

kpLQR,m(f, f
′) = Φ⊤(f)ΣwΦ(f

′)

m

[Φ(f)]i = φ(ai,bi)(f)

Parametric LQR kernel

Parametric LQR kernel

Non-parametric LQR kernel

Squared exponential kernel

Bounded unsafety

System failure -> Press the button! 
Collected data is scarce due to premature 
experiment detention 
Resulting cost orders of magnitude higher 
Any penalty number is arbitrary

Gaussian process for classified regression (GPCR)
Motivation

Bayesian model for the cost captures 
exactly what we know about unstable 
controllers: Nothing 
It models a large unknown number

Goal

Observation model

Hybrid data set

Observations predicted below stability 
threshold

p(yi, li|fi, xi) = H(li(c− fi))×(
1{li=+1}N

(
yi; fi,σ

2
)
+ 1{li=−1}

)

Problem formulation

fcm =min
x∈X

f(x)

s.t. g(x) ≤ cg

Unknown constraint absorbed by the GPCR model

Posterior: Unnormalized Gaussian with support over unbounded hyper-rectangle
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Predictive: Gaussian approx. [2] p(f∗|D, X, x∗) ≃ q(f∗) = N
(
f∗;µ(x∗|D),σ2(x∗|D)

)

1D Example Results
Extended Max-Value Entropy Search [4]  
for constraints: mESCO 
Learn a 5D controller parametrization on 
the robot Apollo without specifying the 
penalty 
The same model can be used to model a 
constraint with unknown threshold! 

c can be estimated from data!

Objective

Constraint

f(x)

g(x)

ĉg

Safe Bayesian optimization [6] allows no 
failures at all: conservative 
Bayesian optimization with constraints 
(BOC) [5] avoids unsafe regions, but can fail 
arbitrarily many times 
Goal: adaptive strategy under a limited 
budget of failures with bounded regret

Motivation Problem formulation
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M : budget of failures
N : max nr. evaluationsApproach

At each iteration   , approximate a batch 
of representative locations that satisfies 
the budget constraint and maximizes an 
improvement
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fcm = minx∈X f(x)

s.t. g(x) ≤ 0

under trials
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Expected improvement over the batch

E [ξj ] = µj , Cov [ξi, ξj ] = Σij

E [Ft] =
N∑

j

µj , Var [Ft] =
N∑

i,j

Σij

Ft =
N∑

j=t+1

(1− ξj) ∼ Poisson-Binomial, non i.i.d


