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MOTIVATION

 Humans are risk-sensitive and non-Markov
e Existing Imitation Learning (IL) algorithms are risk-neutral and/or work

with Markov policies

CONTRIBUTION

* New risk-sensitive IL formulation
* Provably efficient algorithms with non-Markov policies when the reward is

known
e Statistical insights when the reward is unknown

RETURN DISTRIBUTION MATCHING

FORMULATION OBSERVATIONS o
When P is known:  More expressive than vanilla IL — |J7: — J'=| < W(nle ,nls)
* Markov policies do not suffice:

7 € arg minW(nWEE 777TE) Proposition 1 There exist an MDP M, and 7w € "™ such that any
E
o Markov 7 € TI™ satisfies W(n™s ,n7s) > 0.5.

relINM

e Stronger metrics (e.g., total variation) are sample inefficient:

i Theorem 2 There exist an MDP M.,z and =% € TI™™ such that,
( " ,77:) even with |D¥| = (S — 1)"~' — 1 trajectories, any algorithm satisfies

r T
E’DEN]P)T('E TV(U;TE 777;TE) > 0.1.

When r¥ is unknown:

7 € arg min max YV
melINM "

IMITATION LEARNING UNKNOWN REWARD SETTING

r¥ expert’s reward Discretize any reward r:
% € I (non-Markov) expert’s policy ro.n(S,a) == arg MM yc10,6,26,...,11/6 6} [z —rp(s,a)l

DY = {(sy,ap)} ~ % demonstrations : :
Objective: Algorithm 1: RS-KT- variant

AN ° E . .
7 € argmin|J s — JE Input: D" = {(s}h,a},)n}s, p
el Define 7,(g) = = 3 1{G(w';re) = g} ¥
efine 1,-(g) == — | w'ire) =g r
When r¥ is unknown: N ¢
T € arg min_ Ny max, )/\/(77;T : ﬁr) // oracle

E
J = J Return 7

T € arg min max
WEHNM r

Equivalent to occupancy measure matching Theorem 3 Set 0 = ¢/(2H). Then, with probability 1 —g, tlze policy T out-
put by the oracle-based Algorithm 1 satisfies max, VV (nf Ny ) < 2¢, with a

number of samples:

melINM

€2 0

A minimum always exists in IT"
— But this does not control the return distribution

N 3
N < O(SAH ln1>

E E
d" =d" #ne XE

KNOWN REWARD SETTING

AN EFFICIENT CLASS OF NON-MARKOV POLICIES

Adopt a discretization approach

e Given 6 € (0, 1], build a discretized reward: reE,h(s, a) = argmin,crggog . [1/0]0} |T — ri (s, a)|

e Markov policies in the return-augmented space: II(r;’ ) = {7? c INM ‘ m(als,w) = f(s,G(w;ry),a,h) }

Lemma 4 For any MDP M, = and ©% € TI"M, the set T1(r}) contains at least a 7 such that: W(n,ffj nls) < HO.
ALGORITHMS

Algorithm 3: RS-KT

Algorithm 2: RS-BC
Input: D" = {(s},,ap)nti, 7", 0,p

Input: DY = {(sh,ah)nti, rt 0

i i i BN .

Wl 2, L = o = 0. Gldind) =) 19) ¢ 3 2 gy MO@hE) = 0)
n(s, G(w; Ty )éa) ~ ifden >0 T € argmin, cyy(,.m) W(n'e,n) //LP
7(als,w) < 4 1Za’ Nu(s, G(w;ry’), a’) Return 7 2 6
- otherwise
A
Return 7
Theorem 6 Set 6 = ¢/(7TH) and assume that the optimization problem is

solved exactly. Then, with probability 1—49, the policy T output by Algorithm 3

Theorem 5 Set 6 = ¢/(4H). Then, with probability 1 — 6, the policy 7 output by e
satisfies W(n, s ,n,5) < €, with a number of samples:

Algorithm 2 satisfies W(n,ff]f n'e) < €, with a number of samples:

~ SH611’1% 1 H* 1
- N < —-In -
v <62 (44 )) <oz




