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Logistics 

• If you only get 50 out of 100 for your project initial pitch, remember to 
reply to the comment on your project on Gradescope in order to get 100

• Out today: submit a short writeup for explaining your data and 
experimental setup for your final project
• On the class website project page: https://siwu.io/nlp-class/project.html#plan 
• Due 10/31 11:59pm

• Today: post-training
• Now that the LLM have basic language ability, how to make it good at following 

instruction and be more helpful for various NLP tasks?

https://siwu.io/nlp-class/project.html#plan
https://siwu.io/nlp-class/project.html#plan
https://siwu.io/nlp-class/project.html#plan


Post-training

• Why we need it?
• After pretraining, model doesn’t the full capacity for all downstream 

tasks: 

• And the language model can be toxic or harmful



Three stages of training in LLMs



Model alignment

• Basically during post-training, we are training to align models to 
human needs: to be more helpful and non-harmful

• Two stages:
• Instruction tuning/ supervised finetuning (SFT): models are finetuned 

on a corpus of instructions and questions with their corresponding 
responses

• Preference alignment (RLHF, DPO): a separate model is trained to 
decide how much a candiate response aligns with human preference. 
This model is then used to finetune the base model.



Model alignment

• We use the term base model to call the model that is pretrained 
but not yet aligned (instruction tuning or preference alignment)

• These model alignment steps are usually called post-training.
• Consists of instruction tuning and preference alignment



Instruction Tuning



Instruction tuning

• Short for instruction finetuning
• Goal of this step: making the base model (pretrained LLM) better 

at following instructions for a variety of tasks
• MT, summarization, or something even more fine-grain 

• Generally finetuning the model on a corpus of instructions and 
responses



Instruction tuning

• We continue training the pretrained model on these instructions 
and responses using the same language modeling objective
• Autoregressive → next word prediction

• The training corpus of instruction is additional training data
• The gradient-based updates are generated using cross-entropy 

loss as in the original model training
• Even though it’s still next word prediction, we call it supervised 

fine tuning because there’s a correct answer to a 
question/instruction 





Instruction tuning 

• Instructions tuning is generally less intensive than pretraining an 
LLM to get the base model

• It generally takes several epochs instead of thousands of epochs
• The overall cost of instruction tuning is therefore a small fraction 

of the cost to train the base model



Training data for instruction tuning

• Training data can be created in 4 different ways:
• Ask human to write the instructions and responses directly.



Example instruction tuning dataset: Aya 
(Singh et al., 2024)
• Aya has 204K instruction/response instances written by 3,000 

fluent speakers of 65 languages volunteering as part of a 
participatory research initiative

• Goal is to improve multilingual performance of LLMs





Training data for instruction tuning

• Training data can be created in 4 different ways:
• Ask human to write the instructions and responses directly.
• Using existing supervised training data. E.g. SQuAD for QA. Just convert 

them into instruction and response via templates
• Using existing human annotation guideline directly as prompts to a LM to 

generate examples.



Using human annotation instructions as 
prompt for LLM

Example from 
NATURALINSTRUCTIONS 

dataset



Training data for instruction tuning

• Training data can be created in 4 different ways:
• Ask human to write the instructions and responses directly.
• Using existing supervised training data. E.g. SQuAD for QA. Just convert 

them into instruction and response via templates
• Using existing human annotation guideline directly as prompts to a LM to 

generate examples.
• (More common now) use LM to help at each stage: generate questions, 

generate response, then manually review.



Example of using LLM to create instruction tuning 
dataset at each step from Bianchi et al. 2024
• Paraphrase questions from a set of harmful questions (e.g. How 

do I poison food?), 
• Generate safe answers and manually review them. 
• Then add them to a larger instruction tuning dataset. 
• They showed that even 500 safety instructions mixed with a large 

instruction tuning dataset was enough to substantially reduce the 
harmfulness of models.



Preference Alignment



Preference alignment

• Even after instruction tuning, there can still be considerable room 
for improvement in various aspects like: hallucinations, safety, 
harmfulness, toxicity, etc.

• The goal of preference-based learning is to use preference 
judgments to further improve LLM output

• Unlike responses in instruction tuning, we just need to express our 
preferences: rate them, rank them, or choose them. 

• A human participant doesn’t need expertise in the subject matter 
sometimes. 



Example data for RLHF from HH-RLHF 
dataset (Bai et al., 2022)



Reinforcement learning from human feedback 
(RLHF)
• Several ways to take feedback/preference from a human:

• Single pair of options, choose which is better
• Large set of alternatives, select one
• Rank a set of options
• Accept or reject an option
• …

• Preference data are generally from 3 difference sources:
• Direct human annotator judgments
• Implicit preference judgments extracted from online resources
• Fully synthetic preference generated using LLMs as annotators



Direct human annotator judgments: 
InstructGPT model
• Prompts were sampled from customer requests to various OpenAI 

applications.
• Outputs were sampled from earlier pretrained models

• They are then presented to trained human annotators
• Presented in pairs for preference annotation
• In later work, annotators were asked to rank a set of 4 sampled outputs 

(Ouyang et al., 2022)
• yielding 6 unordered pairs of preference pairs (4 choose 2 = 6, combinations)



Figure from Ouyang et al. 

https://arxiv.org/pdf/2203.02155


Implicit preference judgments extracted from 
online resources
• Social media sites such as Reddit (Ethayarajh et al., 2022)
• StackExchange (Lambert et al., 2023)

• Initial user posts → prompts
• Subsequent user responses → sampled outputs
• User votes on responses → can be turned into preference pairs or 

ranking on the outputs



Example from linguistics.stackexchange



Example from linguistics.stackexchange



Example from linguistics.stackexchange



Finally, the preference data can be synthetic

• We can get preference data directly from an LLM instead of using 
any direct or implicit human preference
• You can see how this can might not be the best way but it is cost efficient

• UltraFeedback dataset as generated by prompting outputs from a 
diverse set of LLMs
• Then prompting GPT-4 to rank the outputs for each prompt



How to actually use these preference data?

• With reinforcement learning!
• Generally, these are these components in a RL framework: agent, 

action, state, reward, environment, policy
• We learn a reward function r(x,o) where x is prompt, and o is the output
• Pretrain LLM → policy

• We want to train a policy (pretrained LLM) that maximize rewards 
given some reward model.

• We will be a little handwavy about this!



RLHF: Learning a reward model from human 
feedback

Training language 
models to follow 
instructions with 
human feedback, 
Ouyang et. al. 2022



RLHF: Learning a policy that optimizes the 
reward

Training language 
models to follow 
instructions with 
human feedback, 
Ouyang et. al. 2022



RLHF: Learning the reward model 𝑟(𝑥, 𝑜) 

• Given two outputs 𝑜𝑖  and 𝑜𝑗  with associated scores 𝑧𝑖  and 𝑧𝑗, we 
want to model this preference with probability 
• to understand the degree of a preference
• 𝑧𝑖  and 𝑧𝑗  are scarlar values, not bounded. Preferred has higher score
• Using sigmoid for probability

• This approach is known as Bradley-Terry Model (Bradley and Terry, 1952)



RLHF: Learning the reward model 𝑟(𝑥, 𝑜) 

• But we don’t have scores 𝑧𝑖  and 𝑧𝑗  for two difference responses.
• We do have preference judgments over pairs of prompts/sample 

outputs
• So we will use this preference data and Bradley-Terry formulation 

to learn a reward function 𝑟(𝑥, 𝑜) that assign a scalar reward to 
prompt/output pairs



RLHF: Learning the reward model 𝑟(𝑥, 𝑜) 
• To learn 𝑟(𝑥, 𝑜) from the preference data, we’ll use gradient 

descent to minimize binary cross-entropy loss to train the reward 
model

• For example if we prefer output 𝑖 over output 𝑗, then
otherwise                                  0

• We denote the output pair as such: preferred output is winner 𝑜𝑤, 
and dispreferred as loser 𝑜𝑙

• Then the cross-entropy loss for a single pair of outputs for prompt 
𝑥 using Bradley-Terry model is:



RLHF: Learning the reward model 𝑟(𝑥, 𝑜) 

Loss over the preference training set 𝐷 is given by the following 
expectation

Loss for one pair of preferred output 𝑜𝑤  and dispreferred output 𝑜𝑙  for a 
prompt 𝑥



RLHF: Learning the reward model 𝑟(𝑥, 𝑜) 

• To learn a reward model using this loss function, we can use any 
regression model that can take text as input and generate a scalar 
output

• For example:
• Initialize a reward model from a pretrained LLM
• To generate scalar outputs, we replace the language modeling head with a 

single dense linear layer
• Then gradient descent with the above loss function to learn to score 

model output using the preference data



RLHF: Now we have the reward model…

Now that we have a reward model, we need a policy that optimizes 
the reward!

The NLP version of RL is different from the traditional RL:
• In NLP, we are not starting from scratch to learn the optimal policy. 

We want to guide the pretrained LLM towards our preferred 
behaviors.
• Given the small amount of preference data, LLM will forget everything to 

maximize reward
  → there should be penalties for drifting too far from the original 
pretrained behavior



RLHF: Learning a policy that optimizes the 
reward
The objective we want to maximize

• KL divergence measure the distance between 2 probability distributions.
• The 𝛽 term is a hyperparameter that modulates the impact of this penalty term
• For LLM-based policies, the KL divergence is the log is the ratio of the trained 

policy 𝜋𝜃  to the original reference policy 𝜋𝑟𝑒𝑓, so we can rewrite



Learning a policy that optimizes the reward

Sample from policy Want high 
reward Penalty with KL: 

staying close to the 
original model



Direct Preference Optimization (DPO)



Direct Preference Optimization (DPO)

• Avoid RL all together!
“DPO directly optimizes for the policy best satisfying the 
preferences with a simple classification objective, 
fitting an implicit reward model whose corresponding optimal 
policy can be extracted in closed form.” (Rafailov et al., 2023)



Direct Preference Optimization (DPO)

Where 𝑜𝑤 is preferred output, 𝑜𝑙 is dispreferred output 



Direct Preference Optimization (DPO)

• DPO doesn’t learn an explicit reward model like Bradley-Terry 
model 

• DPO rewrite the closed-form solution to this maximization to 
express the reward function r(x,o) in terms of optimal policy 𝜋∗ 
and reference policy 𝜋𝑟𝑒𝑓



Direct Preference Optimization (DPO)

• DPO rewrite the closed-form solution to this maximization to 
express the reward function r(x,o) in terms of optimal policy 𝜋∗ 
and reference policy 𝜋𝑟𝑒𝑓

• Closed-form: an equation that you can optimize directly without running 
RL

Z(x) is a partition function: a sum over all the possible 
outputs o given a prompt x



Direct Preference Optimization (DPO)

• DPO expresses the likelihood of a preference pair in terms of the 
trainable model and the base (reference) model: 𝜋𝜃  𝜋𝑟𝑒𝑓, rather 
than in terms of an explicit reward model

And the loss over the training set D is given by the following expectation





Advantages of DPO

• DPO does not require training an explicit reward model.
• DPO learns directly from the preference contained in the 

preference dataset without the need for expensive online 
sampling from 𝜋𝜃  

• More stable
• Implementation complexity is relatively low
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