::3 Google Al

TRAIL: Near-Optimal Imitation Learning with

Suboptimal Data
Sherry Yang Sergey Levine Ofir Nachum

Paper: https://openreview.net/pdi?1id=6q 2b6u0BnJ

Code: https://github.com/google-research/google-research/tree/master/rl repr



https://openreview.net/pdf?id=6q_2b6u0BnJ
https://github.com/google-research/google-research/tree/master/rl_repr

Imitation Learning

Given expert demonstrations 27

Learn & that recovers 7™: Diff(r, m.) = Dy (d”||dT)

Behavioral cloning:

JBC(W) = 5(s,a)~(dm ) [— log W(a\s)]

Limited & Hard to obtain
(e.g., involves human expert)



Suboptimal Offline Data

Large amounts of suboptimal offline data 2%

How can QZOffp_)rovably facilitate imitation learning?
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e Highly subo/ptimal (e.g., ranplom policy)
e Single modal (e.g., collected by one stationary policy)




TRAIL: Transition Reparametrized Actions

Factored transition model
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TRAIL: Transition Reparametrized Actions

Action decoder
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TRAIL: Transition Reparametrized Actions

Latent policy
(1) Top(s,a) Q) m,(als,d(s,a))  B) n,(d(s,a)]s)
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Imitation -~
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TRAIL: Transition Reparametrized Actions

Transition reparametrized actions
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TRAIL: Transition Reparametrized Actions

Transition reparametrized actions

(1) Todsa) @ x,(alsfe.a) G m(de.als) a
- - — P mmm—— . (als, ?)
{(s,a,s)} {(s,a)}
R goff _— \@i ¢ EZ(?)
Pretraining Downstream Imitation Inference
lef 7Ta O ﬂ'Z,ﬂ'* <
1
5 (Saa)NdOff [DKL(T(S7G)H7'Z(57 ¢(37 CL)))] (1)
— JT(T27 ¢)
Pretraining 1
@ srogoft |MaxX Dk, (o (8, 2)||7Ta (s, 2))] (2)
z€4
\—\/—’
~ const(d®?, @) + Jpg(Ta, @) (= - = - === === o e e oo o1

}—l
S
|
=
o
—
|
9

I

)=1(1 + Dya(d™|dT)3)

Downstream s+ (D1 (s, z(8)[|72(8))]; 1 Cp = (1 — )M (1 + Dya(dm||doT)3) !
I

I

Imitation




Sample Complexity of TRAIL

Z[IS]

n

20 [Diff (opt, 2, )] < (1)(Gopt) + (2)(Popt) + Cs \/

So far, our analysis is based on tabular latent actions.
What about continuous latent actions and stochastic expert policy?



TRAIL with Linear Transition Dynamics

determmlstlc linear: T, = W(S )Tqb(s a)

Diff (7 o . T4, ¢) +

Downstream { +C,-

Imitation




TRAIL with Linear Transition Dynamics

deterministic linear: T, = W(S )Tqb(s a)

lef(ﬂ'a . < . ¢ 7Tou¢

Downstream +C,-
Imitation




Learning TRAIL in Practice
(1) T_°¢(s,a)

TRAIL EBM: 77 (s'|s, (s, a)) o< p(s )exp(—|é(s, a) — %(s)[|?)

1
o[~ 0g T (5']3, 6(s,0)))] = const(d*™) + 5Ea(116(5,@) = ¥(")1P] contrasive learing

1
+Log Earnp[exp{—5|(s, @) — v(&) I}




Learning TRAIL in Practice
(1) T_°¢(s,a)

TRAIL EBM: 77 (s'|s, (s, a)) o< p(s )exp(—|é(s, a) — %(s)[|?)

1
o[~ 0g T (5']3, 6(s,0)))] = const(d*™) + 5Ea(116(5,@) = ¥(")1P] contrasive learing

1
+Log Earnp[exp{—5|(s, @) — v(&) I}

TRAIL linear: T(s'|s,a) o p(s") exp{—||f(s,a) — g(s)||*/2} x ¥(s")" ¢(s,a)

recover ¢Z with random Fourier features: ¢(s,a) = cos(W f(s,a) + b)



Learning TRAIL in Practice
(1) T.ogp(s,a)  (2) n,(als,ps,a))  3) 7, (d(s,a)|s)

TRAIL EBM: 77(s'|s, 6(s, a)) o p(s')exp(—[| (s, a) — (s)]?
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TRAIL linear: T(s'|s,a) o« p(s’) exp{—||f(s,a) — g(s)||?/2} x ¢¥(s") " ¢(s,a)

recover ¢Z with random Fourier features: ¢(s,a) = cos(W f(s,a) + b)

7, and 7, are neural-network parametrized Guassian policies.



Experiments
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Experiments - DM Control Suite

—— TRAIL (energy) —— TRAIL (linear) —— Baseline BC —— OPAL (t=10) -== CRR
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Recap & Conclusion

® How to utilize additional offline data for imitation learning?
- Learn action representations.

e \What if the offline data is highly suboptimal or unimodal?
- Learn transition model as opposed to temporal skills.

® Representation learning + imitation learning as an alternative to offline RL?
- Beneficial especially in the absence of reward labels.
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