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Introduction

* Inverse reinforcement learning addresses the general problem
of recovering a reward function from samples of a policy provided
by an expert/demonstrator.

* We introduce active learning for inverse reinforcement learning
to query the demonstrator for samples at specific states, instead
of relying only on samples provided at "arbitrary” states.

* Similar accuracy
* Less queries from the expert



Preliminaries - Bayesian Inverse Reinforcement Learning

* State-action pairs:
D = {(.’131,(11), (3:230’2): v o0y (':E?‘la a’ﬂ,)}
* The likelihood of a pair (x,a) and D:

enQr(ﬂf’a) L,r (D) _ H LT (SE,L’ az)

Ly(z,a) =P [(x,a) | r] = LD (wi,:0:)€D

* Get reward function:

Pr | D] x L.(D)P[r] r® = maxPr | D]

T



Preliminaries - Two Methods for Bayesian IRL — Gradient-based [RL

* The log-likelihood of the r:
(D)= Y log(Ly(wi,ai))

(.CC?;,CL?;)E’D

* Compute gradient:

1 aL’r(x’ia a”i)
[VTAT (D)Lca - Z LT (xz'a a,z') a?q:ca

(QC?;,(I?;)E'D

* Update r:

I'ry1 = I'y + thvr/lrt (D)



Algorithm - Active Learning for Reward Estimation

* Define :
* R,,(p) as the set of reward functions r, s.t. m,.(x,a) = p
* Density: fizq(p) =P n(x,a) =p| D] =Pr € Rya(p) | D]
« Differential entropy: — [ fixq (p) log fi,,(p) dp

* Define a new discrete probability distribution:
k k+1 1
*1=101] he= (e S I = {0,¢]

;Lm(k):IP[ﬁ(:z:,a)EIk\D}:/ oa(D)dp, k=1,... K
Iy,



Algorithm

H(zx) = v ZH iza) = A Zum k)log piza (k)

*

2" = argmax H(z)
TEX

Algorithm 1. General active IRL algorithm

Require: Initial demo D
Estimate P [r | D] using general MC algorithm
for all x € X do
Compute H (x)
end for
Query action for z* = arg max, H(z)
Add new sample to D
Return to [I]




Experiments - Finding the Maximum of a Quadratic Function
a, a, a, a, a, a,
a; a; aj aj aj aj
r(m) — 91 (m — 6’2)2 7"(:13‘) = —(.CU — 015)2

D = {(—10, ar), (—0.9;, aﬂr)a (_0'85 a?‘)a (08& (ll), (09? CL[), (10” CL[)}



Experiments - Finding the Maximum of a Quadratic Function
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Experiments - Puddle World
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Experiments - Active sampling vs. Random sampling — Grid-World
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Fig. 6. Performance of Algorithm [2] comparing active sampling vs. random sampling
as a function of the demonstration size. |(a)| Results with parameterized rewards in a

15 x 15 grid-world.
grid-world.

(b)

Results with general (non-parameterized) rewards in a 10 x 10



Conclusions

* We introduced the first Active Learning algorithm explicitly
designed to reward estimation in Inverse Reinforcement
Learning.

* Successful application in Bayesian Inverse reinforcement
learning.



