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In-Trajectory Inverse Reinforcement Learning

@ Standard IRL: Learn a reward function from complete trajectories.

-

@ Limitation: Has to wait until a complete trajectory is collected.
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In-Trajectory Inverse Reinforcement Learning

@ Standard IRL: Learn a reward function from complete trajectories.

B
e

@ Limitation: Has to wait until a complete trajectory is collected.

o In-trajectory IRL: Learn incrementally before the trajectory terminates.

-
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Ongoing trajectory & In-trajectory learning
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| In-trajectory learning algorithm :

@ At each time t, a new state-action pair (s¢, a¢) is observed.
@ In-trajectory learning uses this new state-action pair (s, a;) to update
the last models (r¢, 7¢) to (reg1, Tet1)-
o A reward model and a policy model are available at any time within the
ongoing trajectory.
e The reward and policy models improve incrementally when more
state-action pairs are revealed.
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Problem Formulation

Online bi-level optimization formulation

Definition of local regret

Given a sequence of loss functions {f;(x)}]_, with decision variable x and
time index t, the local regret is ZtT:O ||?11 St o VA

@ Loss function at time t:
Le(6; (Sf, A7) = —log 7, (AF|SF) + 5 H9 917,
s.t. 7, =argmaxJ,,(r) + H(w )

Meta-regularized in-trajectory inverse reinforcement learning

(MERIT-IRL)
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Policy update & reward update

@ Policy update: Solve the lower-level problem via one-step soft policy

iteration.
o Compute the soft Q-function Q5% under the current reward ry, and
policy 7¢.

o Update m;11(als) exp(Qg‘t’f}Tr(s, a)).
@ Reward update: Estimate hyper-gradient
g = X207 Varn (s, @) — X207 Voro, (1 a)) + 2AEE) (0, - 0)
and update 0;11 = 0; — a8t
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Standard IRL Naive method Our method
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Result

Theoretical guarantee

Sub-linear local regret

Suppose a; = M it holds that:

T-1 t
1
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t=0 =0

< O(log T+ VT +VTlogT).
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Result

Theoretical guarantee

Sub-linear regret

Suppose the expert reward function rg and the parameterized reward ry

are linear and choose a; = W we have that:

T-1
B ((SEAE)~PTE( )} eso [Z Le(6:: (SE, Af ))}
t=0

T-1
— min By (s AE)~BTE ()} exo [Z Le( StE’AE))] < O(log T).
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Simulations
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@ MERIT-IRL can get (relatively) accurate reward and policy before the
ongoing trajectory terminates.
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Conclusion

Conclusion

@ Learn incrementally before an ongoing trajectory terminates.
@ Formulate as an online bi-level optimization problem.

o MERIT-IRL: Theoretical framework effective to ongoing trajectories.
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