
Preference-based RL

• After choosing a pair (𝑦1, 𝑦2), we observe a sample 

𝑝~Bernoulli 𝑝⋆ 𝑦1 ≻ 𝑦2 (Preference model)

• Bradley-Terry model:

𝑝⋆ 𝑦1 ≻ 𝑦2 = 𝜎 𝑟 𝑦1 − 𝑟 𝑦2 =
e𝑟 𝑦1

e𝑟 𝑦1 + e𝑟 𝑦2

Tabular softmax parameterization

A tabular softmax policy 𝜋𝜃 for MABs satisfies

𝜋𝜃 𝑦 =
e𝜃𝑦
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The Crucial Role of Samplers in Online Direct Preference Optimization

Results can be easily 

adapted to contextual 

bandits, so we focus 

on MABs only

DPO loss:
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Closed-form solution:

𝜋⋆(𝑦) =
1
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Question we study:

How fast can DPO w. different sampling strategies 

converge to the closed-form solution?
For sampling, here we mean how we sample (𝑦1, 𝑦2).

* indicates equal contribution.

Stop gradient

Sampling coefficients

Unif Mix-R Mix-P

Exact 0.588𝑇 0.52
𝑇−1 0.6112

𝑇−1

Empirical unknown linear to 𝑂(𝜎) linear to 𝑂(𝜎)

Check out our paper to see how to 

implement these regimes in practical DPO!

Bandit simulation:

Multi-armed bandits (MABs)

• Fixed state (prompt)

• Arm (response) space 𝒴
• Reward function 𝑟 𝑦 ∈ 0,1

Sigmoid function

Mixture of samplers:

Convergence rate:

Benchmarks:

Safe-RLHF

Iterative-Prompt

Policy-guided Sampler (Mix-P)

Reward-guided Sampler (Mix-R)

Uniform Sampler (Unif)

𝜋s1 for 𝑦1 and 𝜋s2 for 𝑦2. Joint probability

Exact DPO loss and policy update:

Convergence quantities:

How fast can 𝜹(𝒚, 𝒚′; 𝜽 𝒕 ) converge to 𝟎?

𝛿(𝑡+1) = 𝛿(𝑡)

Taylor expansion: Δ → 𝛿

Variance of 

noise
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