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m Imitation learning
O Also known as learning by demonstration, apprenticeship learning

m An expert demonstration how to solve the task
O Machine can also interact with the environment, but cannot explicitly obtain reward

O It is hard to define reward in some tasks
O Hand-crafted rewards can lead to uncontrolled behavior

m Two approaches
O Behavior cloning

O Inverse reinforcement learning
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(Ziebart et al. '08)

T RNIEE I — Rk handle ambiguity using probabilistic model of behavior
D: KRBT EEEE Notation:

— = M T = {.‘-u'|.ﬂ'|......"-'r.l’l'f. %:} 1’114"[7_) = Zi",‘.(-‘i;.ufj D {T} g .ﬁ_"‘
Rﬂ(T) ) i%mlﬁlﬂi@ﬁ trajectory Immedr rennard expert drﬁn:nnstralicmﬁ

o . . E[ ag &
Z_/ea:p(RL_.;(T))dT : JEpartition function MaxEnt formulation: 'l

I {5 K1) 7 e B p(T) = Ev:{p{ﬁ’n-{r}]
mﬂ, : z log Pr, (7) A= @0
T€D

8/3/2021 IRE RN LE B T 4 B R 22 SR 56 = 9




WDS

DataScience@Web

1 A 54k, &= 2] (Inverse Reinforcement Learning )

BRI A sEik e > Maximum Entropy IRL Optimization

RIFFTEMAK BERRRE v )= S el 1 |
j % : e g;dv Jﬁbwwmwz
Rz v kT

p(s|v)

ARy (7)

d)

exp(Ry(7))

8/3/2021 IRE RN LE B T 4 B R 22 SR 56 = 10




WDS

DataScience

1 A 54k, &= 2] (Inverse Reinforcement Learning )

B MY ) 5 o > Maximum Entropy Inverse RL

(Ziebart et al. '08)

Algorithm:

0. Initialize v, gather demonstrations D

—_—

. Solve for optimal policy m(als) w.r.t. reward ry,

bo

. Solve for state visitation fuqu(ll( ies p(s|y)

dry,

Iry,
. Compute gradient VL = |D| TZD ) Td) 2:1)(3{1,‘)((;;-(3)

4. Update ¢» with one gradient step using VL
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m Advantages:
O It solves the difficulty of artificially designing the reward function

O The reward function i1s more realistic

m Disadvantages:
O Learning efficiency is not high

O The quality of the reward function is difficult to assess
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