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Reinforcement learning
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Where do rewards come from?

Difficult to design in practice!
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We can learn reward functions from human feedback!
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https://docs.google.com/file/d/1y90ozgIYT-lZhsEXu6NLs4R3VxQmcY4a/preview
https://docs.google.com/file/d/14IYv4q56RMNN5RfWTxmHSrDx9pB0JgQO/preview

Preference Data Set

G_earn Reward ModeD




Preference Data Set
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Soft Max to get Probabilities

exp (32, ro(si', af'))

Py(T4 & T} |=

exp (XS, ro(sft, aft) +exp (32, (P, af))

Plug into Standard Binary Cross Entropy

LCE(Q, D) = _]E(TA,TB,y)ND [y log

Py(T* > TF)

+ (1 —y)log Py(T" > T%)]

Deep Reinforcement Learning from Human Preferences



https://proceedings.neurips.cc/paper_files/paper/2017/file/d5e2c0adad503c91f91df240d0cd4e49-Paper.pdf

Requires a
lot of human

feedback!
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Deep Reinforcement Learning from Human Preferences



https://proceedings.neurips.cc/paper_files/paper/2017/file/d5e2c0adad503c91f91df240d0cd4e49-Paper.pdf

Easy and
cheap to
obtain!

Can we leverage [sub-optimal transitions

to improve feedback efficiency of
human-in-the-loop RL?



Propose Sub-Optimal Data Pretraining—SDP

Leverages sub-optimal state, action
transitions by pseduolabeling all transitions
with minimum possible environment reward
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Simple techinque of pre-training the reward
model on the sub-optimal data set before
applying off-the-shelf reward learning algorithms
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Simple techinque of pre-training the reward
model on the sub-optimal data set before
applying off-the-shelf reward learning algorithms

Sub-optimal Data Set

Mean Squared Error

Reward
Model

We obtain large amounts of
labeled data for “free”!

The reward model learns to
associate low-quality
transitions with a low reward!

Human will not need to
provide preferences for
low-quality behaviors!



SDP significantly improved performance
iIn over 63% of experiments
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AUC x 10*

SDP can work with real humans!
Ethics-approved user study of 16 participants (CS and non-CS background)
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Key Takeaways

1. SDP is a simple approach that makes use of sub-optimal
data to reduce the amount of human feedback needed in
human-in-the-loop RL

2. Effective in simulated robotic environments with both real
and simulated humans!
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