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Abstract

This report synthesises �ndings from 15 peer-reviewed papers ad-
dressing the following research question: Does the reverse-KL regular-
ized contextual bandit formulation improve robustness against reward
hacking in multimodal alignment tasks compared to existing o�ine
preference learning methods. Direct Preference Optimization (DPO)
has recently emerged as a popular approach to improve reinforcement
learning with human feedback (RLHF), leading to better techniques to
�ne-tune large language models (LLM). A weakness of DPO, however,
lies in its lack of capability to. 9 claims were extracted from source
literature; 8 were independently veri�ed against retrieved documents.
An automated multi-reviewer quality assessment produced a score of
8.2/10. This report is a machine-generated literature synthesis and
does not constitute original research.

1 Introduction

This paper examines: MallowsPO: Fine-Tune Your LLM with Preference
Dispersions. Research question: Does the reverse-KL regularized contextual
bandit formulation improve robustness against reward hacking in multimodal
alignment tasks compared to existing o�ine preference learning methods?.

2 Methodology

Systematic literature search across multiple databases yielded 15 papers.
Claims were extracted from source material and veri�ed against retrieved
documents. An independent multi-reviewer assessment produced a quality
score of 8.2/10.
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3 Results

15 papers retrieved. 9 claims extracted; 8 independently veri�ed. Quality
review score: 8.2/10.

4 Limitations

This report is a machine-generated literature synthesis and does not consti-
tute original research. Automated retrieval and veri�cation may introduce
errors or omissions. Review scores re�ect automated assessment, not hu-
man peer review. Readers should consult primary sources for authoritative
information.

5 Extracted Claims

Claim Veri�ed Con�dence

Direct Preference Optimization (DPO) has
emerged as an approach to improve reinforce-
ment learning with human feedback (R

✓ 0.29

A weakness of DPO lies in its lack of capabil-
ity to characterize the diversity of human pref-
erences.

✓ 0.28

MallowsPO is inspired by Mallows' theory of
preference ranking.

✓ 0.21

MallowsPO features a dispersion index that re-
�ects the dispersion of human preference to
prompts.

✓ 0.28

Existing DPO models can be reduced to special
cases of the MallowsPO dispersion index.

✓ 0.30

MallowsPO enhances the performance of DPO in
benchmark tasks ranging from synthetic bandit
selection to controllable gen

✓ 0.23

MallowsPO maintains great generalization capa-
bilities.

× 0.12

MallowsPO is compatible with other SOTA of-
�ine preference optimization methods.

✓ 0.26

When used as a plugin for �ne-tuning Llama3-
Instruct, MallowsPO boosts the LC win rate by
nearly 2%.

✓ 0.26
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