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Preference-based RL

* Traditional RL requires a hand-engineered reward function.

* PbRL constructs a preference predictor, and optimizes the reward function

through a classification task.

preference

* Key challenge: feedback-efficiency

[1] Paul F Christiano, Jan Leike, Tom Brown, Miljan Martic, Shane Legg, and Dario Amodei. Deep reinforcement learning from human preferences. In NeurlPS 2017.
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Motivation

* Confirmation bias: a network overfits to inaccurate targets predicted

by another network.

 When there are few preference labels, PbRL methods will likely learn
an inaccurate reward function, therefore the Q-function may overfit

to the inaccurate outputs of the reward function.

[1] Antti Tarvainen and Harri Valpola. Mean teachers are better role models: Weight-averaged consistency targets improve semi-supervised deep learning results. In NeurlPS 2017.
[2] Hieu Pham, Zihang Dai, Qizhe Xie, and Quoc V. Le. Meta pseudo labels. In CVPR 2021.



Meta-Reward-Net

* Main idea: consider the performance of the Q-function in the reward learning
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Theoretical Results

Theorem 1. Assume the outer loss L is Lipschitz smooth with constant L, and the gradient
of Lmeta and Jg is bounded by p. Let Ty, be twice differential, with its gradient and Hessian
respectively bounded by 6 and B. For some c1 > 0, suppose the learning rate of the inner updating
ar = min{l, 2}, where c; < T. For some c; > 0, suppose the learning rate of the outer updating

B = min{%, %}, where C£2T > L, Y pe B <ooandy ., 7 < 0o. Meta-Reward-Net can
achieve:
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Experiments

-

(a) Walker (b) Cheetah (c) Quadruped
(d) Hammer (e) Door Open (f) Button Press
(g) Sweep Into (h) Drawer Open (1) Window Open
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Experiments

=== SAC (upper bound) === PrefPPO e PEBBLE == PEBBLE + SURF == PEBBLE + MRN
100 100 100
S 75 X 75 X 75
2 i) i)
< @ 4
5 50 5 50 5 50
1] (] (2]
[0} [0} [0
3 3 3
5 25 5 25 3 .25
n n n
o BV 0 0
0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00 0 1 2 3 4 5
Environment Steps  x10° Environment Steps  x10° Environment Steps  x10°

(a) Hammer (feedback=10000) (b) Door Open (feedback=1000) (c) Button Press (feedback=100)
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(d) Sweep Into (feedback=4000) (e) Drawer Open (feedback=1000) (f) Window Open (feedback=100)
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Experiments
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Conclusion

* We propose a novel preference-based RL algorithm, Meta-Reward-Net
(MRN), which considers the performance of the Q-function in reward

learning with convergence guarantee.

 We demonstrate that MRN outperforms preference-based RL baselines

on several complex control tasks and improves the feedback efficiency.
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