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Online Preference Alignment for Language Models via Count-based Exploration

Motivation
• Existing RLHF methods rely on ​​a fixed dataset, which can be limited in data coverage, and the resulting reward 

model is hard to generalize in out-of-distribution (OOD) responses. 

• Offline RLHF lacks systematic exploration, leading to ​​the learned reward model being inaccurate for OOD prompt-

response pairs. 

• The central problem in an online RLHF process is how to explore the prompt-response space in each iteration.

Contributions
• We propose ​​"Count-based Online Preference Optimization (COPO)"​​, integrating ​​count-based exploration with 

DPO​​ for online RLHF and encouraging the LLMs to balance exploration and preference optimization.

• We construct a lightweight pseudo-counting module with several fully-connected layers based on the LLM, 

which is theoretically grounded in policy optimization of online RLHF.

• we conduct RLHF experiments of COPO and several strong online RLHF baselines on Zephyr and Llama-3 

models. The results of instruction-following and academic benchmarks show better performance.

Methodology
• Iterative Data Collection. For each iteration 𝑡, sample prompts x from ෩𝐷𝑡 ​, generate responses 𝑦~𝜋𝑟𝑒𝑓 ∙ |𝑥 , and rank 𝑦, 𝑦𝑤, 𝑦𝑙 using a 

reward model to form  𝐷𝑡 with best and worst pair.

Theoretical Analysis Experiments
 Results on AlpacaEval 2.0 and MT-Bench

• Pseudo-Count Estimation (CFN). Train a Coin-Flipping Network 𝑓𝜗 via equation below to estimate pseudo-counts ෡𝑁 𝑥, 𝑦 ≈ 𝑑/
𝑓𝜗 𝑠𝑖

2, where  𝑠𝑖 is the LLM’s hidden state for 𝑥, 𝑦 and  𝑐𝑖 ∼ −1,1 𝑑 are random labels.

• Policy Optimization. Update the LLM policy 𝜋𝜑 by maximizing the COPO objective function, combining the DPO loss with an 

exploration bonus, then set 𝜋𝑟𝑒𝑓 ← 𝜋𝜑for the next iteration

Assumption. Linear reward 𝑟𝜃 𝑥, 𝑦 = 𝜃𝑇𝜑 𝑥, 𝑦  with bounded features 𝜑 𝑥, 𝑦 2 ≤ 1  and parameter 𝜃𝜖𝛩𝐵

Confidence Set​. For any 𝜆 > 0, letting 𝛾 =
1

2+𝑒−𝐵+𝑒𝐵  ,with probability at least 1 − 𝛿, we have:

          

UCB Objective. We thus construct the optimistic expected value function መ𝐽𝛽 𝜋 which takes the upper confidence 

bound (UCB) as the reward estimate, as

where 

 Results on academic benchmarks

Regret Bound​. Under linear rewards and Assumption, the total regret over T iterations is:

 Different 𝜶

• Optimism in the face of uncertainty. The count-based bonus encourages active exploration toward not only high-reward but also more uncertain 

regions with respect to the regions the LLM has already confirmed.

 Different Exploration Factor
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