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Objective of GAIL

min max Jeaw (7, ) := 5 o) [log(z(s, a))] + E,n(s,q)[log(1 — z(s, a))].

T T

- Requires expert action => Learning from observations
- (BCO, GAILfO)

- On-policy (low sample efficiency)
- off-policy algorithms rather than TRPO (SQIL, DAC)
- offline reward estimation (PWIL)
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Learning from Demonstration Learning from Observation
min Ji e (7) := Dk [p” (s, a)| |1 (s, a)] min Jigo () := DkL[p”" (s, s")||n” (s, s)].

L State-Action : . Transition Inverse-Action

N Dioieir SR non sibiien T Dinbion

Notation p"(s) p"(s,a) p"(s,a,s") p"(s,8') p"(als, s')

Support S SxA SXAXS SxS8 AxS xS
. 00 - - - T " (s,a)P(s'|s,a
Definition (1 —7) Y52, v'#7(s)  w"(s)m(als) p™(s,a)P(s'|s,a) [, u"(s,a,8)da  “La8Bl im0

Table 1: Summarization on different stationary distributions, with u7 (s) = p(s¢ = s|so ~ po(+),a; ~
7T(°|Sz'), Si+1 P(-|s7;,a7;)), Vi < t)
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Connection between LfD and LfO LS Ad g o ek
Dxw[u"(als, s")||n" (als, )] = Dxr[u" (s, a)l|[n” (s, a)] — Dxw[u" (s, s)[|u" (s, ). (3)

Remark 1. In a non-injective MDP, the discrepancy of DxL[u™ (a|s, s’)||u” (als, s')] cannot be
optimized without knowing expert actions. In a deterministic and injective MDP, it satisfies that

Vr:8 — A, Dgr[u™(als,s)||uF(als, s’)] = 0.
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p(s, ')

pe (s, s')

Dxkr, [/’l‘w(sa SI)H:U‘E(Sa 3’)] < E,u”(S,S’) [lOg ] + DL [/’l’w(saa)lllj’R(Sa CL)] g

D [P||Q] < Dy[PI|Q] |
\4

Dy [u" (s, a)l|u"(s,a)] .
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Similar “Surrogate Distribution” bttps//lamda.nj.edu.cn

surrogate expert buffer: D, = {(s, a),}

Wi(p*(s),p(s)) = sup Esup=[94(s)] — Esjplge(s)]

lgellL <1

perform AIRL on Dy

efu(s,a) mo(als)
E s.a)~T log
efw(sﬁa') + 7{'9(0,'8)] + (s,0) ¢ [ 06 efw(swa) —+ 7T9(a|8)]

max Es 4)~5 [log
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p'(s,s")
nE(s, ")

min () = max By, |~ log | - Dl (s, 1o, 0)

D" (s, )| (s,0)] = __inf  Boampr[~3(5, )] + B ayurfx(2(5, )]

(s, s")
gl )
e e

pseudo-reward

v

=max min Jopolo(m.2) ;= E, ~ /
T o:SXAR P (7, 2) K (s,a,8

gl

N

2(5,0)| [+ B 1 (205, )]
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.UE(Sa s') ror
Q(S,CL) By Es’wP(-|s,a),a’~7r(-|s’) —SB(S,CL) e 10g ,LLR(S, S,) n ’YQ(S y @ ) ¥
po (s, s") ) .
Q(Sa a’) — _"'U(Sa CL) + Es’wP(-|s,a),a’~7r(-|S/) |:10g 'UR(S 3’) + ’YQ(S y @ ):| — —.',U(S, a’) + B Q(S)a)°
el el T e e Gl
IU’E (8’ S,) 7y ' (4

= E(s,a,s’)wu“(s,a,s’)[log ,LLR(S, S’) - (B Q — Q)(Sa a’)_ o E(s,a)qu(s,a) [f*((B Q — Q)(37 CL))]
- (1 = V)Esor\/po,aoww(-|so) _Q(SOa CL())] i E(s,a)qu(s,a) [f*((Bﬂ-Q o Q)(Sa CL))] (8)

no on-policy expectation left
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Implementation Details

optimize the ratio using GAN

omax B anyapus(s,s) [log(D(s, 8’))] + E(s,5r) v (s,s') [log(l — D(s, 5'))]=

additional regularization

Dxu[7E(als)||m(als)] = Dxw[n” (s'[s)||u" (s'|s)] + Dxlr” (als, s") | |u" (als, s")],

max —]DKL[,uR(a|s,s')||P1(a|s,s')]E max B

/
Pr:SrasA p Hax n|log Pr(als, s")].

a,s’)~uf(s,a,s
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Algorithm 1 Off-POlicy Learning from Observations (OPOLO)

Input: expert observations R g, off-policy-transitions R, initial states Sy, f- function,
policy g, critic (), discriminator D,,, inverse action model P, learning rate .

forn=1,... do

sample trajectory 7 ~ mg, R + RUT

update D,,: w  w+ a]E(s,s/)NRE [V log(Dy (s, s)] + IAE)(S,SI)NR[VU, log(1 — Dy(s,s"))].

set 7(s,8") = —log(1l — Dy(s,s")).
update Py, @ < @+ aE g s)wr[Velog(Pr,(als,s’))].
update 7 and @ :

T(m0,Q0) = (1=7) By [ (5,70 ()] + B 0, | £ (15, 8) +79Qu (5’ mo(s)) ~ Qu(5,0)) |

V)

JReg (7T0) -~ E(s,s’)NRE,awPIW(-|s,s’) [lOg 7T0(a’|8)] y

¢« ¢ — advg(me,Qe); 0 0+ a(Jvo(me, Qyp) + JvoJreg(s)).
end for
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End




