
Empirical Evalua�on
Reward models for LLMs

• We train reward models with
BT and ResponseRank.

• We train on Mul�Pref,
evaluate on RewardBench.

• Strength proxies

▪ Response �me

▪ Stated strength (slight/clear)

▪ Inter-annotator agreement

Takeaway

• Response �me is not useful on this dataset.

• Agreement improves accuracy and sample efficiency.

RL control

• RL control in simula�on (MuJoCo,
Highway merge)

• Synthe�c preferences (oracle rewards)

• Synthe�c strength (reward difference)

• This is a proof of concept. More evalua�on needed in this domain.
Noise sensi�vity is likely due to par��on size.

Takeaway

Not only be�er reward models, but also be�er policies!

Text BText A

✓

Trajectory BTrajectory A

Proper�es
Strength learning
Under idealized condi�ons (fixed set of objects, strongly
connected preference graph), ResponseRank matches BT:

• Strengths are iden�fiable up to shi� under Placke�-Luce.

• The an�symmetry of the pairwise strength
(                                   ) prevents shi�s.

Strength is iden�fiable   u�li�es up to shi�.

With isolated comparisons of parametric objects,
only ResponseRank has strength informa�on:

• BT: No explicit strength informa�on.
Some strength through generaliza�on.

• ResponseRank: Par�al informa�on about 
strength order. More through generaliza�on.

• Sufficient for inferring unseen preferences!

Reduc�on to Bradley-Terry

The ResponseRank Method

Step 1: Rank construc�on
Uses a strength signal (e.g., response �me) with few assump�ons:

• Local validity within each ranking, enabling use of signals
such as response �me.

• A monotone rela�onship to strength (we need only
ordinal informa�on).

Step 2: Learning from rankings

Background: Preference Learning for RLHF

Reinforcement learning from human feedback (RLHF) is used to
fine-tune language models and train control policies from
compara�ve human feedback.

We aim to learn be�er reward models with preference-strength-aware
learning using auxiliary signals with a monotone 
rela�onship to strength (e.g., response �me).

Here: Fruit preferences for illustra�on.

We want to learn u�li�es               consistent with preferences, i.e.,

and addi�onally learn the strength of each preference.

The standard approach

Strength under Bradley-Terry
We define strength as u�lity difference:

Strength is iden�fiable under BT, but only given unrealis�c assump�ons!

Assump�on: A fixed set of objects with a
strongly connected preference graph.

 The maximum likelihood es�mate of the u�li�es
is iden�fiable up to addi�ve shi� (                           ).

 Strengths are exactly iden�fiable

RLHF in prac�ce: U�lity func�ons over
parametric objects with isolated comparisons.

Only the order of some u�li�es is specified,
no informa�on about strength.

Strength can only be learned through
generaliza�on between comparisons.

/ ?

ResponseRank: 
Data-Efficient Reward Modeling through Preference Strength Learning
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Hybrid datasetCan mix datasets with
and without strength
information.
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→ RR equivalent to BT!

ResponseRank dataset BT dataset

No strength informa�on (singleton rankings)

Posi�ve strength matches human labels

Anchor

Normaliza�on
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Nega�ve strength → Low probability.

Target rankings

Ranking likelihood

Maximum Likelihood

Step 2: Learning
from rankings

Step 1: Rank
construc�on
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Beware of mixing
response �me
rankings!

 Stra�fica�on

Assumed model
(Bradley-Terry)

Maximize likelihood of observa�ons
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We learn preference strength 
from implicit rankings
derived from
locally valid rela�ve signals.

TL;DR
Accurate reward models, 
improved data efficiency, 
and be�er policies. 

Eyke HüllermeierDaniel KeimYannick MetzTimo Kaufmann

Environment (noise free) Final reward (frac. of BT)

HalfCheetah-v5 5215.2 (96.0%)

Swimmer-v5 98.3 (463.7%)

Walker2d-v5 2679.7 (113.2%)

Merge-v0 11.4 (109.6%)

Images: Gemini API
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