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ΨΦ-Learning [γ. Inverse Temporal Difference Learning]
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BC {(Ψk , wk )}Kk=1

ITD Φ

I/O schematic for inverse TD learning algorithm.

Successor Features & Bellman Consistency ⇒ Cumulants

LBC-Q (θΨk , wk ) , −E log
exp(Ψ(st , at ; θΨk )>wk )

∑a exp(Ψ(st , a; θΨk )>wk )

LITD(θΦ, θΨk ) , E ‖Ψ(st , at ; θΨk )−Φ(st , at ; θΦ)− γΨ(st+1, at+1; θ̃Ψk )‖.
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ΨΦ-Learning [δ. Implementation]
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Experiments [α. Deep RL from RGB Observations]
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Experiments [β. Few-Shot Transfer to New Reward Functions]

0-shot 1-shot 100-shot

Methods R-G -R-G R-G -R-G R-G -R-G

SQILv2♣ (Reddy et al., 2019) 0.0±0.0 −1.0±0.0 0.0±0.0 −1.0±0.0 1.0±0.0 1.0±0.0

ΨΦ-learning ♦ 0.2±0.1 −0.4±0.2 1.0±0.0 1.0±0.0 1.0±0.0 1.0±0.0

Zero-Shot Generalisation Bound of ΨΦ-Learning)

Q∗(s, a)−Qπ(s, a)
sub-optimality gap

≤ 2

1− γ

[
(φmax‖wj −w ′‖

relevance of demonstrations

+ 2δr ) + ‖w ′‖δΨ +
1

(1− γ)
δr

approximation error

]
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Summary

C

ENV

Control Markov Process

〈S,A,P, γ〉

D

· · ·

OTHERS

No-Reward Demonstrations

D = {τ1, τ2, . . . , τN }

{Rk }Kk=1
B

EGO

Experience Replay

B = {
(

s, a, s′ , rego
)
}

Rego

ΨΦ-Learning

α. Combination of our offline IRL method with generalised policy improvement.

β. Utilisation of no-reward demonstrations for accelerating RL.

γ. Graceful fallback to solitary RL when demos are of “poor” quality (theorem).

δ. Few-shot transfer to new reward functions.

ε. Scalable for deep RL, RGB observations.
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