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Basic: preference model
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Human Input to Train RL Agents

§ If we want RL agents that can match human performance and/or 
human values

§ How to provide helpful human feedback?



Pairwise Comparisons

§ Often easier for people to make than hand writing a reward 
function

§ Often easier than providing scalar reward (how much do you like 
this answer?)



Bradley-Terry Model (1952)

§ First consider simpler setting of k-armed bandits: K actions 
𝑏!, 𝑏", … 𝑏#. No state transition

§ Assume a human makes noisy pairwise comparisons, where the 
probability she prefers 𝑏$ ≻ 𝑏% 	 is

§ Transitive: 𝑝$#  is determined from 𝑝$%  and 𝑝%#

= 𝜎 #

$

𝑟 𝑏!
− 𝑟 𝑏"



Which one is the best? 

§  

Under the BT model, 
three winners are 

consistent



Train the Bradley-Terry Model: The bandit setting

§ Assume have 𝑁 tuples of form (𝑏$ 	, 𝑏% 	, 𝜇)	where 𝜇 = 1 if the 
human marked 𝑏$ ≻ 𝑏%, 𝜇	= 0.5 if the human marked 𝑏$ = 𝑏%, else 
0 if 𝑏$ ≺ 𝑏%

§ Maximize likelihood with cross entropy

Recall logistic 
regression



Train the Bradley-Terry Model: The RL setting

§  

§ Use learned reward model, and do PPO with this model



RLHF
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RLHF pipeline

§  



How to model human preferences?

§ Human judgments are noisy and miscalibrated!
§ Solution: instead of asking for direct ratings, ask for pairwise 

comparisons, which can be more reliable



Reward model works

§  



RLHF: putting it all together

§ Finally, we have:
§ A pretrained (possibly instruction-finetuned) reference model 𝜋()*
§ A reward model 𝑟+ that produces scalar rewards for LM outputs
§ A method for optimizing LM parameters towards reward functions

§ Now to do RLHF:
§ Initialize a copy of the model 𝜋, with parameters 𝜃	to optimize
§ Optimize the following reward with RL



RLHF provides gains over pretraining + finetuning



Controlled comparisons of “RLHF” style algorithms



DPO
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RLHF: preference->reward->policy

§ RLHF
§ First train the reward model by minimizing negative log likelihood:

§ Then learn a policy that maximizes the reward (with small distance to 
the pretrained model)

§ Can we remove the reward step?



Direct Preference Optimization



DPO: Putting it together



Trade off Reward & KL



Models Trained With DPO

LLaMa3

Mistral



GRPO
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GRPO in deepseek


