ActiveUltraFeedback: Efficient Preference Data Generation using Active Learning
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Overview THE TAKEAWAY Generalization across Prompts & Algorithms

ACtlve Learnlng iS the key tO effective Sample efficiency and performance gains hold across four

prompt datasets of increasing scale (UltraFeedback — Tulu 3, 60k

and data—efficient preference learning. — 272k) and across preference optimization algorithms.

Downstream Tasks Reward Modeling

+40%
‘ ‘4 % ‘ ‘

THE PROBLEM

RLHF is the standard for aligning LLMs with human values, but
acquiring preference data is prohibitively expensive, especially
In low-resource and expert domains. The bottleneck is labeling:
which response pairs are actually worth annotating?
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By actively selecting pairs with large predicted quality differences,
1 6 ActiveUltraFeedback matches or beats static baselines while using as
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CONTRIBUTIONS

" ActiveUltraFeedback — a scalable, modular active learning
pipeline for preference data generation.
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little as one-sixth of the annotated data across reward modeling and I
downstream tasks. 0%
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. . UltraFeedback Skywork Combined Tulu 3 UltraFeedback Skywork Combined Tulu 3
= DRTS & DeltaUCB — two novel response pair selection methods (60K) (B0K) (140K)  (272K) (60K) (80K) (140K)  (272K)
that target large quality differences for sample efficiency. R M — eliaUCEt  mm InfoMax iR

L. wa# UltraFeedback DeltaQwen wot DRTS T vt DTS B Original
® The first systematic benchmarking of response pair selection Sample Efficiency
methods across reward modeling and downstream tasks.
DRTS and DeltaUCB lead to top performance with 5-10k samples, outpacing training on IPO models SimPO models

® Open-sourced code, preference datasets, and models.

the full 60k samples in the original UltraFeedback dataset as well as the datasets produced +is%

The ActiveUltraFeedback Pipeline by other selection methods. Ty i G .- /// _ ,,,,, :
For every prompt, we actively select the most informative response (a) Fine-tuned models (DPO) (b) Reward models 5% 7 v
nair for annotation using the reward and uncertainty estimates of an o 0% g ool BB lm-w-wT !
Epistemic Neural Network, which is then iteratively trained on the . 0 Consumed Samples T Consumed Samples
accumulated preference labels. g -#-- UltraFeedback DeltaQwen  -m- DTS -#- DRTSt —@— DeltaUCB+
o S e ZI-
Prompt Chosen Rejected Conclusions
Q% ¢ T o (; | 10k 20k 30k 40k 50k 60k . TAKEAWAYS
' . C d Sampl C d Sampl : : . .
§ Preference Annotation OROTMEE Sampes OROUMET SATPTEs = Best # informative. A pair of excellent responses is less useful to
E -l-- UltraFeedback DeltaQwen --- DTS --- DRTS ¥ —8— DeltaUCB . . .
N label than a pair with a clear quality gap.
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=5 Truthfulness Helpfulness Selection Method Comparison m Sample efficiency. DRTS & DeltaUCB maximize performance under
= ‘ i ‘ strict annotation budgets.
'% ' Instruction | | Honesty \ CSMBK Improvement over the base model|,
. S
Z,  Following || J +50, averaged across four prompt datasets. YTURE WORK
= A DRTS and DeltaUCB dominate the full = Active prompt selection. Identify the most useful prompts based
? orofile. i< better on certain on reward and uncertainty estimates.
RewardBench 2 oo TruthfulOA , _ ,
4 o Dot Selects +329% g +140/(? downstream tasks but underperforms = Active model selection. Identify the two models per prompt for
esponse Pair Selection 5 - . .
o P A N e on reward modeling. response generation, to reduce cost of using large model pools.
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