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Maximum Entropy IRL

6" = arg max — X4, p(d;]60) log(p(d;16))

s.t. f™ = fP (feature matching)
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Notation

0 : parameter of reward function

7 : optimal policy

d; : trajectory

fs : feature of state s

fa, : feature of trajectory

f™ . feature expectation of trajectory generated by policy
fP: feature expectation of trajectory given by human
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[RL from Failure
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H i H(D) causal entropy is defined as:
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Notation

fF : feature expectation of failure experience
z : difference between feature expectation of failure experience and feature expectation following m

w : lagrange multiplier of z
64, 0: parameter of reward function learning from demonstration and failure experience respectively.



HI-IRL

* Interative setting
* Provide subgoal supervision-breaking task into subtasks.

Stepl
Human expert provides several full demonstrations and define subgoals

Step2
Agents tries the defined subtasks. s, = Sg,, = *** = Ssup;, = Sgoat-

Step3
Human provides further demonstrations if needed.

Step4
Learning reward functions from both failure experiences and expert
demonstrations
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Algorithm

Algorithm 2 Human-Interactive Inverse Reinforcement Learning
(HI-IRL)

Require: Set of initial demonstrations dj, T, State Transition
Matrix 7, 6°, all state raw feature f, and human H.
Return: Reward function 671
Define: D: positive demonstrations; ¥ : failure experience; &:
agent experience; S¢,,;: set of subgoal states
Start:
Ssup = specify_subgoals(H)
D = dp;
6! = MaxEntIRL(D, 6°)
forte1,2,....T
& = Rorrout(h?, Sqyp)
forein &
¥, D = UppaTeDEMO(e, 67, D)
9;}“, 9;;“ = IRLFF(F, D, T, 0%, f) (Alg. 1)
9t+1 — (9§+1, 9t+1)



Experiment

Baseline

1.MaxEntIRL

2.HI-IRLwos. The agent will be required to complete entire task and
expert provide full demonstration.

3.HI-IRLwr. Randomly select states as subgoals
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