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i Background

* Reinfocement learning

(a) online reinforcement learning  (b) off-policy reinforcement learning (c) offline reinforcement leaming
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Background

» Preference-based reinforcement learning (PbRL)
does not rely directly on numerical rewards provided by the environment. Instead, it learns a policy through
human or external feedback in the form of preference information over behaviors. This approach alleviates
the need for precisely designed reward functions.
« pipelines:
Collecting human preference feedback by comparing pairs of trajectory segments,
Training a reward model, usually using a pairwise loss,
«Optimizing the policy using the trained reward model, which can be done with either on-policy or
offline methods.
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Preliminary
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Trajectory Segment:

* A short sequence:

T = ((Gﬂ:ﬂl‘l)-:(Gltal)ﬁ'“:(ﬂk—lrﬂk—l})

« Human compares segments:

T1 = 7> means human prefers 7.
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Methodology

« Main Procedures
 geta set of trajectory {1°, 1, ..., 7'} through training policy ©
* select pairs of segments {cl, 62} from trajectory and send to human for comparison
* train reward function
 use reward function to update policy

[Policy 1] --(generate)--> [Trajectories] --(select pairs)--> [Human Comparison]
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[Reward Model t] <---(fit)--- [Preference Data] <---

» Policy update

the authors use A2C to play Atari games, and TPRO to perform simulated robotics tasks.
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Methodology

* Preference Elicitation

The human overseer is given a visualization of two trajectory segments, in the form of short movie clips.
In all of our experiments, these clips are between 1 and 2 seconds long.

The human judgments are recorded in a database D of triples (o1, ¢2, pn)

 Fitting the Reward Function

We can interpret a reward function estimate r” as a preference-predictor. the procedure
of reward model traning can be concluded as:
* Use Bradley-Terry model to estimate reward based on observation and action
 obtain optimization objective via B-T model
 create deep neural network for reward model
* training




Methodology
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» Selecting Queries

The method selects trajectory pairs for human comparison by measuring uncertainty: it chooses
pairs where an ensemble of reward models shows the highest disagreement.




, Methodology

« Special setting

« Ensemble reward prediction(multi-model and independent sampling)
» add L2 regularization to avoid overfit
add noise(10%) to reward model by supposing human can make mistake
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Prnai(segment 1 preferred) = (1 — p) x -p x 0.5




Experiments
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Figure 1: Results on MuJoCo simulated robotics as measured on the tasks’ true reward. We compare
our method using real human feedback (purple), our method using synthetic feedback provided by
an oracle (shades of blue), and reinforcement learning using the true reward function (orange). All
curves are the average of 5 runs, except for the real human feedback, which is a single run, and
each point is the average reward over five consecutive batches. For Reacher and Cheetah feedback
was provided by an author due to time constraints. For all other tasks, feedback was provided by
contractors unfamiliar with the environments and with our algorithm. The irregular progress on
Hopper is due to one contractor deviating from the typical labeling schedule.




Experiments
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Figure 2: Results on Atari games as measured on the tasks’ true reward. We compare our method using
real human feedback (purple), our method using synthetic feedback provided by an oracle (shades of
blue), and reinforcement learning using the true reward function (orange). All curves are the average
of 3 runs, except for the real human feedback which is a single run, and each point is the average
reward over about 150,000 consecutive frames.




Improvement
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Improvement
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[Policy 1t] --(generate)--> [Trajectories] --(select pairs)--> [Human Comparison]
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[Reward Model t] <---(fit)--- [Preference Data] <---




