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Fine-tuning a large language model (LLM) to align with diverse user preferences

Motivation



Tackling challenges

Challenge 1: Preference data come from diverse groups 

Include group information in the context of the LLM

Preference data with group info.: (𝑥, 𝑦𝑤 , 𝑦𝑙),  𝑔 ∈ 𝒢

Latent reward:

Preference probability derived from the BT model:

Challenge 2: Uneven distribution/quantity among groups

Optimize against worst-case alignment performance across *all* groups

Robust loss for reward learning:

r(xg , y) where 𝑥𝑔 = 𝑥 ⊕ 𝑔

𝑝(𝑦 > 𝑦
′
|𝑥𝑔) =

exp(𝑟(𝑥𝑔 ,𝑦))

exp(𝑟(𝑥𝑔 ,𝑦))+𝑒𝑥𝑝(𝑟(𝑥𝑔 ,𝑦′))

ℒ𝑅 = 𝐦𝐚𝐱
𝒈∈𝓖

−𝔼 𝑥𝑔,𝑦𝑤,𝑦𝑙 ∈𝒟𝑔
[log 𝜎(𝑟(𝑥𝑔 , 𝑦𝑤) − 𝑟(𝑥𝑔 , 𝑦𝑙))]



Group robust direct preference optimization

➢ KL-regularized reward optimization objective for policy

𝜋⋆ = arg max𝜋[𝔼𝑥,𝑦∼𝜋(⋅|𝑥) 𝑟(𝑥, 𝑦) − 𝛽𝐷𝐾𝐿[𝜋(𝑦|𝑥)||𝜋𝑟𝑒𝑓(𝑦|𝑥)]]

➢ Reward in terms of optimal policy (DPO - Rafailov et al.’23):

DPO

Substitute 𝑟(𝑥, 𝑦) in robust reward loss to obtain the group-robust DPO loss

( DPO loss can be replaced with IPO loss, hinge loss, etc. (Tang et al., 2024) )

𝑟(𝑥, 𝑦) = 𝛽 log
𝜋
⋆
(𝑦|𝑥)

𝜋𝑟𝑒𝑓(𝑦|𝑥)
+ 𝛽 log 𝑍(𝑥)

ℒ𝐺𝑅𝑃𝑂 = 𝐦𝐚𝐱
𝒈∈𝓖

𝔼 𝑥𝑔 ,𝑦𝑤 ,𝑦𝑙 ∼𝒟𝑔
− log 𝜎 𝛽 log

𝜋(𝑦𝑤|𝑥𝑔)

𝜋𝑟𝑒𝑓(𝑦𝑤|𝑥𝑔)
− 𝛽 log

𝜋(𝑦𝑙|𝑥𝑔)

𝜋𝑟𝑒𝑓(𝑦𝑙|𝑥𝑔)



Algorithm outline (GR-DPO)

𝐦𝐢𝐧 𝐦𝐚𝐱 ෍

𝒈=𝟏

𝑲

−𝜶𝒈𝔼 𝒙𝒈 ,𝒚𝒘 ,𝒚𝒍 ∼𝓓𝒈
log 𝜎 𝛽 log

𝜋(𝑦𝑤|𝑥𝑔)

𝜋𝑟𝑒𝑓(𝑦𝑤|𝑥𝑔)
− 𝛽 log

𝜋(𝑦𝑙|𝑥𝑔)

𝜋𝑟𝑒𝑓(𝑦𝑙|𝑥𝑔)
α∈ΔK−1

Language policy

Group weights 

over a simplex

Per-group weights
Group conditioned language policy

Per-group DPO Loss

Min-max game 

(best policy for worst group alignment)

πθ



𝐦𝐢𝐧 𝐦𝐚𝐱 ෍

𝒈=𝟏

𝑲

−𝜶𝒈𝔼 𝒙𝒈 ,𝒚𝒘 ,𝒚𝒍 ∼𝓓𝒈
log 𝜎 𝛽 log

𝜋(𝑦𝑤|𝑥𝑔)

𝜋𝑟𝑒𝑓(𝑦𝑤|𝑥𝑔)
− 𝛽 log

𝜋(𝑦𝑙|𝑥𝑔)

𝜋𝑟𝑒𝑓(𝑦𝑙|𝑥𝑔)

Algorithm outline (GR-DPO)

Alternating algorithm:

1)Gradient descent update on policy parameters 𝜃

2)Multiplicate weights update for 𝛼

Groups with higher cumulative loss have higher αg

Convergence guarantees 𝒪(𝑇−1/2) in case of log-linear policies 𝜋𝜃 𝑎 𝑥 =
𝑒𝑥𝑝(𝜃𝑇𝜙(𝑥,𝑎))

σ
𝑎′∈𝒜

exp(𝜃𝑇𝜙(𝑥,𝑎))

α∈ΔK−1πθ



Experiments

Our GR-IPO improves loss and boosts reward accuracy of worst group

GlobalOpinionQA dataset with Gemma-2B model

• 5 Groups = Countries

• Align LLM to each country preference robustly
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Take-home Messages

➢ The first study on group robustness in RLHF

➢ To robustly align a LLM to diverse user groups

➢ No need for novel PO losses!

➢ Simply using carefully weighted DPO and IPO suffices



Group Robust Preference Optimization (GRPO) 

Paper

Check out our poster on Fri 13 Dec, 1 - 4 p.m.

Read our paper on arxiv (QR link)

Read our blog (QR link)

Reach out to shyam.ramesh.22@ucl.ac.uk
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