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Motivation

How can we efficiently learn a diverse array of tasks?

Common approach: (1) Manually design many reward functions. (2) Train RL.

e Meta-RL [e.g., Duan 16, Andrychowicz 16, Mishra 17, Finn 17]
e Multi-task RL [e.g., Rusu 16, Jaderberg 16, Hessel 18]

Problem:
e Designing reward functions is hard
e Prone to underfitting

Weak Supervision scales and accelerates RL.

In which image...

1. ...is the door opened wider?
2. ...is the lighting brighter?
3. ...is the robot closer to the door?

-

Only use semantically meaningful tasks!

Weakly-Supervised Control Framework
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WSC is agnostic to the underlying disentangled representation learning algorithm.
In our experiments, we use the method by Shu et al. [1]:
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In Phase 2, we use the learned disentangled representation to guide
goal generation and define distances (rewards) along semantically
meaningful axes:

re = R, (st41) = —|lez(se41) — 2415

The agent proposes its own (latent) goals to practice, attempt the
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Algorithm 1 Weakly-Supervised Control
Input:Weakly-labeled dataset D, factor subindices Z C [K|

1: Train d1sentangled representation e : S — Z using D.

2: Compute Z7" = minsep ez(s).

3: Compute Zma" = maXsep ez(s).

4: Define p(Zz) := Uniform(ZF™", Z9*

5: Initialize replay buffer R <+ @

6: for iteration=0,1,..., do

7:  Sample a goal z, € Z and an initial state sg.

& HAowt=0:1,:::9dl— 1'do

9: Get action a; ~ 7(st, 2g)-

10: Execute action and observe s;+1 ~ p(- | S¢,a¢).

11; Store (S¢, at, St+1, 2zg) into replay buffer R.

12:. fort=0,1,...,H —1do

13: for3=0,1,.:.;J do

14: With probablhty D, sample z, ~ p(Zz). Otherwise,
sample a future state s’ € 7>¢ 1n the current trajectory
and compute z, = ez(s’).

15: Store (s¢, at, St+1, 2¢) into R.

16: fork=0,1,...,N—1do

I7; Sample (s,a,s’,z4) ~ R.

18: Compute r = R, (s") = —|lez(s’) — z4||5-

19: Update actor and critic using (s, a, s, z4, 7).

20: return 7(a | s, 2)

Expe ri mentS proposed goals, and use the experience to update its policy.
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Check out our paper for additional experiments on
noisy & real-world datasets: - E

Paper: arxiv.org/abs/2004.02860
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= The disentangled distance optimized by WSC is more indicative of the true goal distance
. than the latent VAE distance optimized by SkewfFit, especially for more complex tasks (n > 1).,
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Code:

https://qithub.com/google-research/weakl

y_supervised control
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