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Figure 1: Overview of our active learning-infused pipeline for preference data generation.

1. Abstract
Reinforcement Learning fromHuman Feedback (RLHF) is essential for
aligning Large Language Models (LLMs) with human preferences and
values, but creating the preference datasets required for training is
challenging because it involves recruiting people to annotate data
manually. The UltraFeedback dataset generation pipeline (Cui et al.,
2024) successfully reduced this reliance on human labor by using LLM
annotators to annotate various LLM responses instead. Still, the large
number of LLM calls it requires can be very costly. This motivates our
project - using active learning to enhance UltraFeedback’s annota-
tion efficiency. In contrast to UltraFeedback, which annotates four re-
sponses per prompt, we train an Uncertainty Reward Model (Osband
et al., 2023) to predict the utility of the responses, then use Double
Thompson Sampling (Wu and Liu, 2016) to acquire the most useful
pair of responses per prompt and annotate them only. Our results
show the effectiveness of our pipeline: Models trained on our data
achieve 0.631 on RewardBench (Lambert et al., 2024) and 0.705 on IFE-
val (Zhou et al., 2023), which is comparable to models trained on Ul-
traFeedback data while requiring only half as many annotations.

2. Related work
Cui et al. (2024) and Lambert et al. (2025) present similar pipelines for
generating RLHF preference datasets, but both sample the responses
to annotate randomly, whereas we explore using active learning
for more efficient acquisition. More specifically, we look to Double
Thompson Sampling (Wu and Liu, 2016) as employed by Dwaracherla
et al. (2024) for LLM alignment, with reward and uncertainty repre-
sented by Epistemic Neural Networks (ENNs, Osband et al. (2023)).

3. Methods
The core of our pipeline is a loop that iteratively takes prompts as in-
put and outputs preference data, see Figure 1 for an overview.

#1 Response Generation For each prompt in the batch, we call mul-
tiple LLMs to each generate a response to the prompt.

#2 Uncertainty Reward Prediction An ENN predicts the reward (and
associated uncertainty) of the responses for each prompt.

#3 Response Acquisition We identify the two responses per prompt
that should undergo preference annotation via Double Thompson
Sampling (Wu and Liu, 2016). For each response, a reward is sampled
uniformly between the lower and upper bounds predicted by the re-
ward model. The response with the highest reward is selected, and
a second (different) response is selected by repeating this process a
fixed number of times and using random sampling as a fallback.

#4 Preference Annotation An LLM serves as an oracle in determin-
ing which of the two acquired responses to choose and to reject.1

#5 Uncertainty Reward Model Training This batch of preference
data is added to a replay buffer for training the ENN.
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Vacuum animals can only
survive by quick movement,
due to the lack of liquids to
lubricate their skeleton.

A vacuum is an area with
no matter, meaning it's
devoid of gases necessary
for most life forms to
survive. [...]

What kind of animal can 
live in a vacuum?
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Figure 2: An example preference sample (prompt in orange, responses in purple).

We run our pipeline on 60K prompts2 from the UltraFeedback
dataset (Cui et al., 2024), so our resulting preference dataset contains
60K samples. See Figure 2 for an example. For response diversity, we
use sixteen LLMs of sizes between 135 million and 72 billion from dif-
ferent model families (namely SmolLM, Qwen 2.5, Phi 4, Gemma 3,
and Llama 3) as response generators.

4. Results
Weevaluated thequality of our dataset generatedby our active learn-
ingpipeline for RLHF in twoways: (i) training a rewardmodel on it and
evaluating on RewardBench, and (ii) training allenai/Llama-3.1-Tulu-3-
8B-SFT using Direct Preference Optimization Rafailov et al. (2024) and
evaluating on IFEval (Zhou et al., 2023).

RewardBench IFEval

Base (SFT) model - 0.689
AllenAI UltraFeedback 0.747 0.735

Random 0.573 0.695
Our UltraFeedback 0.617 0.690
Active Learning 0.631 0.705

Table 1: Comparison of model performance on RewardBench and IFEval.

Based on these scores, we conclude that active learning benefits the
pipeline, given that it is able to outperform the traditional UltraFeed-
back both in terms of score and sample efficiency.
Due to time and resource limitations, we had to simplify the oracle
from UltraFeedback, only giving one overall score instead of multiple
fine-grained scores. We found that our simplified versionmatches the
original UltraFeedback oracle 44% of the time, disagrees in 20% of
cases, and assigns equal scores in the remaining 36%. We attribute
the discrepancy in the scores between our UltraFeedback dataset and
the AllenAI UltraFeedback dataset to this change in oracle.

5. Conclusions
We can conclude that our Active UltraFeedback pipeline out-
performs both random sampling and UltraFeedback on Re-
wardBench and shows better IFEval performance with higher
sample efficiency.
In future, we want to predict the reward for the pair (prompt,
surrogate model) instead of (prompt, completion) to acceler-
ate the pipeline by removing the costly response generation
step.
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1Due to time and resource limitations, we simplify the preference annotation procedure used in UltraFeedback (Cui et al., 2024) and also call LLaMa 3.3 70B Instruct (Grattafiori et al., 2024) instead of GPT-4 (OpenAI, 2024).
2To avoid the licensing issues with the original UltraFeedback Cui et al. (2024), we use the version released by AllenAI at huggingface.co/datasets/allenai/ultrafeedback_binarized_cleaned. Both are MIT licensed.
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