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- introduction of PbRL
- Reward Ensemble and Sampling
- on-policy Algorithm (PPO)

- unsupervised Pre-training for Exploration
- off-policy Algorithm (SAC)
- Relabeling Replay Buffer for Stable Learning

- semi-supervised learning 
- proposed data augmentation
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- offline RL
- weighted sum of non-Markovian rewards

DPPO - reward model-free, offline optimization



Introduction

• (AI Alignment)

Selecting the model’s desired responses and behavior from its very wide knowledge 

and abilities is crucial to building AI systems that are safe, performant, and controllable.

→ Steer LMs to match human preferences using reinforcement learning

• RLHF is a complex and often unstable procedure.

• 1) fitting a reward model that reflects the human preferences

• 2) fine-tuning the large unsupervised LM

• to maximize this estimated reward without drifting too far from the original model

2



Introduction

• Direct Preference Optimization(DPO)

• Optimize a LM to adhere to human preferences, without explicit reward modeling or RL

• Uses a change of variables to define the preference loss as function of policy directly

• stable, performant, and computationally lightweight,

eliminating the need for sampling from the LM during fine-tuning or performing significant 

hyperparameter tuning
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RLHF(Reinforcement Learning from Human Feedback)

1) Supervised fine-tuning (SFT)

2) preference sampling and reward learning

3) RL optimization
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Learning to summarize from human feedback(NeurIPS 2020), https://arxiv.org/pdf/2009.01325



RLHF(Reinforcement Learning from Human Feedback)

1) Supervised fine-tuning (SFT)

• fine-tuning a pre-trained LM with supervised learning on high-quality data for downstream 

task of interest(dialogue, summarization, etc.) to obtain a model 𝝅𝑺𝑭𝑻
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RLHF(Reinforcement Learning from Human Feedback)

2) Reward Modelling Phase

• SFT model is prompted with prompts x to produce pairs of answer

• preferred completion: 𝑦𝑤, dispreferred completion: 𝑦𝑙
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RLHF(Reinforcement Learning from Human Feedback)

2) Reward Modelling Phase

• negative log-likelihood loss using Bradley-Terry
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RLHF(Reinforcement Learning from Human Feedback)

3) RL Fine-Tuning Phase

• the learned reward function is used to provide feedback to the LM
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controlling the deviation from based reference policy 𝜋𝑟𝑒𝑓 = 𝜋𝑆𝐹𝑇

prevent the model from changing too drasticallymaximize reward



DPO(Direct Preference Optimization)

• Leverages a particular choice of reward model parameterization

that enables extraction of its optimal policy in closed form, without an RL training loop.

• Policy network represents both the LM and the (implicit) reward
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DPO(Direct Preference Optimization)
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RL objective under general reward function r



DPO(Direct Preference Optimization)
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optimal policy 𝝅𝒓 using reward function r: KL-constrained reward maximization objective

reference policy 𝜋𝑟𝑒𝑓

logarithm of both sides → rearrange the optimal solution to express r(x,y)



DPO(Direct Preference Optimization)
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logarithm of both sides → rearrange the optimal solution to express r(x,y)

The optimal RLHF policy 𝝅∗ under BT model that satisfies the preference model:

reparameterization to ground-truth reward  𝒓∗, and optimal model 𝝅∗

express the human preference probability in terms of optimal policy 𝝅∗ and reference policy 𝝅𝒓𝒆𝒇, 



DPO(Direct Preference Optimization)
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express the human preference probability in terms of optimal policy 𝜋∗ and reference policy 𝜋𝑟𝑒𝑓, 

DPO objective: 



DPO(Direct Preference Optimization)

• Importantly, the examples are weighted by how much higher the implicit reward model 
rates the dispreferred completions, scaled by 𝛽, i.e, how incorrectly the implicit reward 
model orders the completions, accounting for the strength of the KL constraint
→ Empirically import!
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gradient of the loss function 𝓛𝑫𝑷𝑶



DPO(Direct Preference Optimization)
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• Unlikelihood baseline @sentimental experiments

: simply maximizing 𝑙𝑜𝑔𝑝 𝑦𝑤 𝑥 , the log probability of the preferred response,

while minimizing 𝑙𝑜𝑔𝑝 𝑦𝑙 𝑥 , the log probability of the dispreferred response



DPO(Direct Preference Optimization)

1. Sample completions 𝒚𝟏, 𝒚𝟐 ~𝝅𝒓𝒆𝒇 ⋅ 𝒙) for every prompt x,

label with human preferences to construct the offline dataset of preferences

2. Optimize the LM 𝝅𝜽 to minimize 𝓛𝑫𝑷𝑶 for the given 𝜋𝑟𝑒𝑓 and 𝒟 and desired β.

Reuse preference datasets available!

• the preference datasets are sampled using 𝜋𝑆𝐹𝑇 , 𝜋𝑟𝑒𝑓 = 𝜋𝑆𝐹𝑇
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Experiments

• Baselines (<6B)

: GPT-J, Pythia-2.8B, SFT, Preferred-FT, Unlikelihood, PPO, PPO-GT, Best-of-N

• Task 1: controlled sentiment generation

• x : a prefix of a movie review from IMDb dataset

• policy must generate y with positive sentiment

• generate preference pairs using pre-trained sentiment classifier

• SFT: fine-tune GPT-2-large

• Evaluation

• controlled sentiment generation: using ground-truth reward function

(the pre-trained sentiment classifier)

• Real world: win rate against a baseline policy(using GPT-4)
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Experiments

• Task 2: Summarization

• x : forum post from Reddit

• policy must generate a summary y of the main point of the post

• use the Reddit TL;DR summarization dataset

• SFT model finetuned on human-written forum post summaries with TRLX for RLHF

• Evaluation

• use references summaries in the test set
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Experiments

• Task 3: Single-turn dialogue

• x : human query, which may be anything

(from a question about astrophysics to a request for relationship advice)

• policy must generate an engaging and helpful response y

• Anthropic Helpful and Harmless dialogue dataset (170K)

• No pretrained SFT model is available

• Evaluation

• use preferred response in the test dataset

19



Experiments

1) How well can DPO optimize the RLHF objective?
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Experiments

2) Can DPO scale to real preference datasets？(summarization and single-turn dialog)
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temperature

- 0: deterministic

- 1: dynamic

DPO, PPO, Preferred-FT

- based on GPT-J SFT model
DPO win rate 61% at 

temperature of 0



Experiments

2) Can DPO scale to real preference datasets？(summarization and single-turn dialog)

• no standard SFT model → pre-train Pythia-2.8B, Preferred-FT to train a reference model 
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RLHF model trained with PPO  is unable to find a prompt or sampling 

temperature that gives performance better than the base Pythia-2.8B model

DPO is the only computationally efficient method that improves over the 

preferred completions



Experiments

3) Generalization to a new input distribution

• the PPO and DPO policies from Reddit TL;DR summarization experiment on a distribution,

new articles in the test split of the CNN/DailyMail dataset
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DPO(Direct Preference Optimization)

• a simple training paradigm for training language models from preferences without RL.

• DPO maps between language model policies and reward functions that enables training a 

LM to satisfy human preference directly, with simple cross-entropy loss, without RL.

• Limitations & Future Work

• How does the DPO policy generalization out of distribution, compared with an explicit reward 

function?

• How does reward over-optimization manifest in the DPO setting?

• Need to explore scaling DPO to state-of-the-art models larger than 6B

• Need to study best way to elicit high-quality judgments (e.g. GPT-4)
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