ResponseRank:

Data-Efficient Reward Modeling through Preference Strength Learning 3

Contact

Timo Kaufmann®?, Yannick Metz®, Daniel Keim°, and Eyke Hullermeier'44

),

Background: Preference Learning for RLHF TL; D R Empirical Evaluation

Reward models for LLMs

N MultiPref Test Accuracy

Reinforcement learning from human feedback (RLHF) is used to g

fine-tune language models and train control policies from We Iea 'n prEfe rence St re ngth >\ \ ) \Ry Y > Accu rate rewa rd m Od e | S, Text A

comparative human feedback. : | e — A DL . -

T ) (7 from implicit rankings A e ] improved data efficiency, * We train reward models with

BT and ResponseRank.

7

o o S ¢ , T N 7 | " S &
\ RAR) A derived from \ SN and better policies * e train on MuliPre,
| "‘ A i = - ” o =de: BT (baseline)

evaluate on RewardBench. MultiPref Test Accuracy

We aim to learn better reward models with preference-strength-aware IOca I Iy Va I |d re I atlve Slg Nna |S : ' e Strength proxies ) o

learning using auxiliary signals with a monotone  Response time

relationship to strength (e.g., response time). Stated st th (slight/clear)
= Stated strength (slight/clear

Here: Fruit preferences for illustration.
" Inter-annotator agreement

We want to learn utilities ug (&) consistent with preferences, i.e., - — (1.0- (nf —=n2)+0.5-(nf —ny))/N

c s

-0 = w@ >wd Takeaway EEER LR vy AL
The ResponseRank Method Properties

Step 1: Rank Step 2: Legrning . . o
construction from rankings Strength |ea rn|ng ® Agreement Improves accuracy and sample efﬁaency.

and additionally learn the strength of each preference. e Response time is not useful on this dataset.
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Step 1: Rank construction | e BT: No explicit strength information.
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Not only better reward models, but also better policies!
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