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Part I:
Motivation & Overview

This is what we want to do (and why)
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Objective: dynamic programmingConsider: Time-disrete deision proess t = 0, 1, 2, . . . with

X ⊂ RD state spae (ontinuous), A ation spae (�nite)Transition funtion xt+1 = f(xt, at) (deterministi)Reward funtion r(xt, at) (immediate payo�)Goal: For any x0 �nd ations a0, a1, . . . suh that ∑

t≥0
γtr(xt, at) is maximized.Dynami programming: (value iteration)If transitions f and reward r are known, we an solve

Q = T Q, where (T Q)(x, a) := r(x, a) + γ max
a′

Q(f(x, a), a′) ∀x, ato obtain Q∗, the optimal value funtion.One Q∗ is alulated, best ation in xt is simply argmaxa Q∗(xt, a).Problems: Usually f and r are not known a priori =⇒ learned from samples.(State-ation spae �too big� to do VI, ⇔ will largely ignore this)

=⇒ Our goal: want to improve sample e�ieny.
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Model-based reinforcement learning

Remark: throughout the paper we will assume that the reward funtion is spei�ed a priori.

=⇒ Sample e�ieny of RL wholly depends on sample e�ieny of model learner.
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Overview of the talk

Bene�ts of model-based RL:More sample e�ient than model-free (however, also more omputationally expensive) :Samples only used to learn model, but not as �test-points� in value iteration.Sample e�ieny of RL wholly depends on sample e�ieny of model learner.(Model an be reused to solve di�erent tasks in same environment.)Model-based RL: requires us to worry about 3 things1. How to implement planner? Here: simple interpolation on grid. (not part of this paper)2. How to implement model-learner?3. How to implement exploration?Our ontribution GP-RMAX: model-learner=Gaussian proess regressionFully Bayesian: provides natural (un)ertainty for eah predition.Automated, data-driven hyperparameter seletion.Framework for feature seletion: �nd & eliminate irrelevant variables/diretions:improves generalization & predition performane =⇒ faster model learning.improves unertainty estimates =⇒ more e�ient exploration.Experiments indiate highly sample-e�ient online RL possible.
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Motivation: GP+ARD Can Reduce Need for Exploration

Example: ompare three approahes for model learning in a 100 × 100 gridworld.
100 x 100 cells

Start

Goal

Actions:

Right Up

xright
new = xold + 0.01

yright
new = yold

xup
new = xold

yup
new = yold + 0.01After observing 20 transitions, we plot how ertain eah model is about its preditions for �right�:
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GP with ARD kernelGP+ARD detets that the y-oordinate is irrelevant =⇒ redued exploration =⇒ faster learning.
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Part II:
Technical implementation

This is how we do it
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a. Model learning with GPs
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Model learning with GPsGeneral idea:Have to learn D-dim transition funtion x′ = f(x, a).To do this, we ombine multiple univariate GPs.Training: Data onsists of transitions {(xt, at,x
′
t)}

N
t=1

, where x′
t = f(xt, at) and xt,x

′
t ∈ RD.Train independently one GP for eah state variable, ation.

GPij models i-th state variable under ation a = j

GPij has hyperparameters ~θij found from minimizing marginal likelihood

min
~θij

L(~θij) = −
1

2
log det(K~θij

+ σI) −
1

2
yT(K~θij

+ σI)−1y −
n

2
log 2π

One trained, GPij produes for any state x∗Predition f̃i(x
∗, a = j) := k~θij

(x∗)T(K~θij
+ σI)−1y.Unertainty c̃i(x

∗, a = j) := k~θij
(x∗,x∗) − k~θij

(x∗)T(K~θij
+ σI)−1k~θij

(x∗).At the end, preditions of individual state variables are staked together.
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Automatic relevance determinationAutomated proedure for hyperparameter seletion:

=⇒ an use ov with larger number of hyperparameters(infeasible to set by hand)

=⇒ better �t regularities of data, remove what is irrelevantCovariane: We onsider three variants of the form:

kθ (x,x′) = v0 exp

{

−
1

2
(x − x′)TΩ(x − x′)

}

+ bwith salar hyperparameters v0, b and matrix Ω given by
Variant I: Ω = hI.

Variant II: Ω = diag(a1, . . . , aD).
Variant III: Ω = MkM

T
k + diag(a1, . . . , aD).Note: (II), (III) ontain adjustable parameters for every state variableSetting them automatially from data =⇒Model seletion automatially determines their relevaneCan use likelihood sores to prune irrelevant state variables.

(I)

PSfrag replaements
h

(II)
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b. Planning (with approximate model)
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Value iteration in RDRemember: Input to the planner is the urrent model.The urrent model �produes� for any (x, a)

f̃(x, a), the predited suessor state

c̃(x, a), the assoiated unertainty (0=ertain, 1=unertain)General idea:Value iteration on grid Γh + multidimensional interpolation.Instead of true transition funtion, simulate transitions with urrent model.As in RMAX integrate �exploration� into value updates. (Nouri & Littman 2009)Algorithm: iterate k = 1, 2, . . .: ∀ node ξi ∈ Γh, ation a

Qk+1(ξi, a) = (1 − c̃(ξi, a)) ·
[

r(ξi, a)
︸ ︷︷ ︸given a priori+γ max

a′

Qk

(
f̃(ξi, a), a′

)

︸ ︷︷ ︸interpolation in RD

]

+ c̃(ξi, a) · VMAX

Note: If c̃(ξi, a) ≈ 0, no exploration.If c̃(ξi, a) ≈ 1, state is arti�ially made more attrative =⇒ exploration.
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Part III:
Experiments

These are the results
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Experimental setup

Examine what: examine online learning performane of GP-RMAX, that is,sample omplexity, andquality of learned behaviorin various popular benhmark domains.Domains: Mountain ar (2D state spae)Inverted pendulum (2D state spae)Biyle balaning (4D state spae)Arobot (swing-up) (4D state spae)Contestants: Sarsa(λ) + tileoding
GP-RMAXexp (exploration where unertainty is determinded from GP)

GP-RMAXnoexp (no exploration)
GP-RMAXgrid (exploration where unertainty is determined from grid)
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Results 2D domains
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Results 4D domains
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FinishGP-RMAX: Online model-based RL that separatesfuntion approximation in the model-learner (whih requires samples)from interpolation in planner (whih does not require samples).Employs GPs with data-driven, automati hyperparameter seletion (feature seletion):improves generalization & predition performane =⇒ faster model learningimproves unertainty estimates =⇒ more e�ient exploration.
=⇒ Large gains over model-free RL possible (if model learning is �easier� than VF learning).

Limitations & future work:Major problem: planner relies on global value iterationA naive grid is limited to low dimensionality.More fany grids (sparse, adaptive) might sale to higher dimensionality, but this islargely open researh.Minor problems: doing away with our simplifying assumptionsdeterministi state transitions (experiments done with well-behaved simulations)known reward funtiondisrete (�nite) ations
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