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Introduction

« Existing PbRL methods involve a two-step procedure
1) learn a reward model based on given preference data

2) employ off-the-shelf reinforcement learning algorithm using learned reward model
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Figure 2: Predicted reward vs. true reward
on the Hopper environment when using
a reward model from PbRL [27]. The re-
ward model fails to accurately capture the
underlying reward structure.

2) the quality of the learned policy relies heavily on the quality of the learned rewards



Introduction

DPPO(Direct Preference-based Policy Optimization)
« directly learns from preference without requiring any reward modeling

« adapt a contrastive learning framework to design novel policy scoring metric
 policy scoring metric: assign high scores to policies aligning with the provided preference dataset
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Figure 1: An overview of the difference between our
approach (below) and the baselines (top). Our approach
does not require modeling the reward from the prefer-
ence predictor as our policy optimization algorithm can
learn directly from preference labels.



Preliminaries

* PbRL(Preference-based reinforcement learning)

« assumes the preference depends on the value of the underlying rewards summed over each
timestep:
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Preliminaries

» Goal of Contrastive learning

 learn representations where similar sample pairs are close to each other while dissimilar pairs
are far apart

anchor sample negative sample
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DPPO(Direct Preference-based Policy Optimization)

 policy-segment distance: closeness between a policy and a trajectory segment

Policy-Transition Tuple Distances I Policy-Segment Distance I
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Figure 3: An overview of the score calculation process. To score a given policy, (1) the first step 1s to
calculate the distance between each transition tuple and the policy. (2) Second, these distances are
aggregated to a policy-segment distance through a predefined aggregation function. (3) Finally, we
obtain the score value by contrasting the policy-segment distances according to their preference.




DPPO(Direct Preference-based Policy Optimization)

- policy-segment distance
« aggregation of the distance between policy and each transition tuple in trajectory segment
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DPPO(Direct Preference-based Policy Optimization)

* Preference score metric
 using policy-segment distance
- we want to assign high score if policy is closer to ¢° than ¢?

o = ol = d(m, o) < d(m,ol)

distance
« adapt contrastive learning to capture this condition across multiple segment pairs into a single
metric
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DPPO(Direct Preference-based Policy Optimization)

» Preference score metric
» drawback: score function is indifferent to increase or decrease distance in the same magnitude.
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* Regularizing factor 1 € (0, 1),
decreases the score when overall scale of the policy-segment distance increase:
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DPPO(Direct Preference-based Policy Optimization)

» Policy Optimization with preference predictor
« To leverage the unlabeled dataset D,
« Train a preference predictor using the labeled dataset D,,,.. ¢
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DPPO(Direct Preference-based Policy Optimization)

» Policy Optimization with preference predictor
 After training the preference predictor, train policy with unlabeled dataset D
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(angl}ND
s.t. y=1 {P [UO ~ ‘715 ffﬂ > 0-5} : Algorithm 1 Direct Preference-based Policy
Optimization

Input: Unlabeled dataset D, preference
dataset Dyer, learning rate 74 and 7, num-
ber of training steps M and IV, and regular-
ization parameters A, v.
Initialize network parameters ¢ and ¢
for step = 1 to M do

Update the predictor parameter:

¢ = ¢ — T]&quﬁgﬁ((.bE Dpref.- D)
end for
for step = 1 to N do

Update the policy parameter:
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end for
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Experiment

« offline setting
e assumes a large unlabeled dataset D

 assumes much smaller preference-labeled dataset D,,..f

» Experiments

« D4RL Gym: focus on medium-replay and medium-expert datasets
(most diverse quality trajectory)

» Adroit pen: 24-DoF robotic, high-dimensional tasks, pen task
 Kitchen:9-DoF robotic, solving multiple sub-tasks sequentially
« 2F100 ~ 150 72| sample



Experiment

Table 1: Normalized average return on D4RL Gym tasks, averaged over 5 seeds. =+ denotes the
standard deviation.

Learning with task rewards Learning with preference only

Task Name CQL IQL PT+CQL PT+IQL  DPPO (Ours)
halfcheetah-medium-replay 457 0.6  4434+0.7 27.1+177 423+0.5 40.8 + 0.4 lower variance
hopper-medium-replay 84.1 =142 1005 +14 4914220 59.74+ 258 73.2 + 4.7
walker-medium-replay 80.0+34 748+34 528+7.2 433+398 50.9 £+ 5.1
halfcheetah-medium-expert 88.5 £9.7 852 +74  T77.1£09 83.6 £ 3.8 92.6 + 0.7
hopper-medium-expert 103.7 7.5 8414241 892+ 144 6784323 107.2 + 5.2
walker2d-medium-expert 1084+03 107.54+44 77.74+12 109.8 + 04 108.6 + 0.1
Average 85.1 82.7 62.2 67.8 78.8

similar to GT rewards

Table 1 shows the evaluation results for the D4RL Gym tasks. DPPO demonstrates superior or
comparable performance to the preference-based learning methods across all considered tasks. In
terms of average performance, our method outperforms the baselines by a large margin with a
minimum of %1 1p and reaches a performance level similar to the methods that learn with ground-
truth rewards. Also, DPPO exhibits significantly lower variance in performance compared to the

baseline methods like PT+IQL, which suffer from pronounced fluctuations in performance. .



Experiment

Table 2: Normalized average return on D4RL Adroit pen and Kitchen tasks, averaged over 5 seeds.

+ denotes the standard deviation.

Adroit pen action space
: amount to 24

Learning with task rewards

Learning with preference only

Task Name CQL IQL PT+CQL PT+IQL  DPPO (Ours)
pen-human 442 +78 53.8+369 31.6 £33 53.0%31.7 76.3 + 14.4
pen-cloned 424 +51 513+371 183+106 4291244 75.1 £ 7.7
Average 43.3 52.6 25.0 48.0 75.7
kitchen-mixed  10.7 4= 10.8 50.6 £ 6.2 123 +7.7 480+ 11.9 525+ 3.1
kitchen-partial 12.9 + 13.0 588 +65 14.1+13.0 4024123 49.4 + 5.7
Average 11.8 54.7 13.2 44.1 51.0
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Experiment

« Ablation studies
« conservativeness regularizer A and smoothness regularizer v
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Figure 6: Ablation study results on the hopper-medium-replay dataset. (a) and (b) each shows the
average performance results for DPPO while varying A and v.
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Experiment

» Effect of dataset size
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Figure 7: Average return results of each method while varying the size of the preference dataset.
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Experiment

« experiments with scripted teacher
 scripted teacher(synthetic teacher)
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Experiement

Table 3: RLHF results using DPPO (ours) compared to PPO. The values in the parentheses denote
the gain on average reward compared to the original model.

Human eval.

Fine-tuning method Avg. reward (T) KL divergence () win rate (1)

PPO 4.335 (+1.192) 0.0091 0.667
DPPO (Ours) 4.515 (+1.372) 0.0083 0.697
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Conclusion

* learn directly from preference signal, removing the need for reward modeling

» formulate new policy optimization problem under the contrastive learning framework
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Figure 1: An overview of the difference between our
approach (below) and the baselines (top). Our approach
does not require modeling the reward from the prefer-
ence predictor as our policy optimization algorithm can
learn directly from preference labels.
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