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Previous Learning from demonstrations methods have severe limitations.

* Imitation Leal‘ning (IL) [I lost my way. Too hard for me. ]
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—®— Expert Trajectory
---------- » Agent Trajectory

IL Problem:

1. Compounding errors
2. Distribution flat matching without considering the agent’s evolving capabilities.
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* Curriculum Learning (CL) & State Reset

State Reset é State Reset é
1 1 State Reset é

......... T — = Expert Trajectory
---------- » Agent Trajectory

CL & State Reset Problem:

Impractical in real-world settings
due to challenges 1n replicating
physical conditions like joint
velocities and angular momentum.
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Illustration of the Cago Framework (our method) Gy PR

[V\/here s the limit of my capability?} [ Challenging but attainable goal]

é — l Visitation Density — Y; — é

v T[E ( | . ) *Go-Explore:  The
/ agent is guided to an

I * g f inal "interesting”  goal
y firstly by a goal-
conditional policy,
then an undirected
exploration  policy
takes over.
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Method - Cago
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* Goal Sampling Progress for
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* Behavior-Clone Explorer

: q m® outputs a stochastic action distribution
Behavior Clone -

Ddema > T o _ Balance o
............ p Exploration < » Imitation

Define: Py:s — g, where g = Py(s)
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e Subset of Test Environments

MetaWorld-Disassemble Adroit-Pen Maniskill-PegInsertion
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* Robustness to Suboptimal and Failed Demonstrations

Environment  Original Demo  Missing Obs  Noisy Actions Random Actions

Stick-Push 0.99 0.99 0.97 0.96
Disassemble 0.80 0.77 0.88 0.96
Adroit-Pen 0.82 0.88 — —
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