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Announcements

• Waitlist and audit 

• Compute: AWS, Tinker, Stanford resources; more will come 

• Homework 1: due Oct 12 

• Quizzes 
• 5 out of 6; if you need to miss class, you will need to use that additional one first 

• Hot-take Debate (3 debates)

• Quiz Makeup:
• Winning the debate waives 1 quiz 

• Answering 10 questions on Ed waives 1 quiz

• Preparing a hot topic in late 2026 related to HCLMM waives 1 quiz 

• Will send out these links and instructions later today 
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Outline
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❑ Different type of human feedback (5 mins)

❑ RLHF (15 mins)

❑ DPO + many others (15 mins)

❑ Limitations of human feedback (5 mins)

❑ Constitutional AI and Collective CAI (10 mins)

❑ Preference Tuning (10 mins)

Learning Objective: RLHF, DPO



Different Types of Human Feedback
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Labeled data points

Edit data points

Change data weights

Binary/scaled user feedback

Natural language feedback

Code language feedback

Define, add, remove feature spaces

Directly change the objective function

Directly change the model parameter 

…

Eye Tracking 

https://eyetechds.com/what-is-eye-tracking/

Touch

Talk and See



Incorporating Human Preferences into Learning

Transform human “preferences” into usable model “language”

• Allow humans to easily provide feedback

• Build models to effectively take the feedback
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Figure credit to Chen, Valerie, et al. "Perspectives on Incorporating Expert Feedback into Model Updates." ArXiv (2022).



• Dataset updates: change the dataset

• Loss function updates: add a constraint to the objective

• Parameter space updates: change the model parameters
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Incorporating Human Feedback into Learning



• Dataset updates: change the dataset

• Loss function updates: add a constraint to the objective

• Parameter space updates: change the model parameters
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Incorporating Human Feedback into Learning



Case Study: Adapting LLMs to Society

Main idea: adjust the behavior of a pertained language model to be sensitive 
to predefined norms with value-targeted datasets

Key steps:

• Choose sensitive topics

• Describe the language model’s desired behavior

• Write prompts with value-targeted question-answer pairs
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Solaiman, Irene, and Christy Dennison. "Process for adapting language models to society (palms) with values-targeted datasets." Advances in 
Neural Information Processing Systems 34 (2021): 5861-5873.
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Solaiman, Irene, and Christy Dennison. "Process for adapting language models to society (palms) with values-targeted datasets." Advances in 
Neural Information Processing Systems 34 (2021): 5861-5873.

Case Study: Adapting LLMs to Society



✓Dataset updates: change the dataset

• Loss function updates: add a constraint to the objective

• Parameter space updates: change the model parameters
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Incorporating Human Feedback into Learning



Loss Function Updates: Unlikelihood Learning 

Penalize undesirable generations (e.g. not following control, repeating previous context)
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If C is previously seen text, then less 
repetition and more diversity

Welleck, Sean, et al. "Neural text generation with unlikelihood training." ICLR (2019).



✓Dataset updates: change the dataset

✓Loss function updates: add a constraint to the objective

• Parameter space updates: change the model parameters
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Incorporating Human Feedback into Learning



Parameter Updates: Parameter Efficient Fine-tuning 
uses small interaction data to steer models towards desired behaviors

13



✓Dataset updates: change the dataset

✓Loss function updates: add a constraint to the objective

✓Parameter space updates: change the model parameters
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Incorporating Human Feedback into Learning



Outline
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✓ Different type of human feedback (5 mins)

❑ RLHF (15 mins)



16
https://x.com/FanaHOVA/status/1852397390751510613



SAN FRANCISCO, 

California (CNN) -- 

A magnitude 4.2 

earthquake shook the 

San Francisco

...

overturn unstable

objects.

An earthquake hit 

San Francisco. 

There was minor 

property damage, 

but no injuries.

The Bay Area has 

good weather but is 

prone to 

earthquakes and 

wildfires.

𝑠1

𝑅 𝑠1 = 8.0
𝑠2

𝑅 𝑠2 = 1.2

• Let’s say we were training a language model on some task (e.g. summarization).

• For each prompt–output pair (𝑞, 𝑜), imagine we had a way to obtain a human 
reward of that summary: 𝑅 𝑞, 𝑜 ∈ ℝ, higher is better.

Optimizing for Human Preferences

Prompt 𝒒 Output  𝒐𝟏 Output  𝒐𝟐

𝑅 𝑞, 𝑜1 = 8 𝑅 𝑞, 𝑜2 = 1.2



Optimizing for Human Preferences

• Let’s say we were training a language model on some task (e.g. summarization).

• For each prompt–output pair (𝑞, 𝑜), imagine we had a way to obtain a human 
reward of that summary: 𝑅 𝑞, 𝑜 ∈ ℝ, higher is better.

• Now we want to maximize the expected reward of samples from our LM:

𝔼𝑞~𝐷(𝑞)𝔼𝑜~𝑝𝜃(𝑜|𝑞) 𝑅(𝑞, 𝑜)



Optimizing for human preferences

• How do we actually change our LM parameters 𝜃 to maximize this?

𝔼𝑞~𝐷 𝑞 ,𝑜~𝑝𝜃(𝑜|𝑞) 𝑅(𝑞, 𝑜)

• Let’s try doing gradient ascent!

𝜃𝑡+1 ≔ 𝜃𝑡 + 𝛼 ∇𝜃𝑡
𝔼𝑞~𝐷 𝑞 ,𝑜~𝑝𝜃(𝑜|𝑞) 𝑅(𝑞, 𝑜)

• Policy gradient methods in RL (e.g., REINFORCE; [Williams, 1992]) give us tools 
for estimating and optimizing this objective.

What if our reward function is 
non-differentiable??

How do we estimate 
this expectation??



How do we model human preferences?

• Problem 1: human-in-the-loop is expensive!

• Solution: instead of directly asking humans for preferences, model their 
preferences as a separate (NLP) problem! [Knox and Stone, 2009]

An earthquake hit 

San Francisco. 

There was minor 

property damage, 

but no injuries.

The Bay Area has 

good weather but is 

prone to 

earthquakes and 

wildfires.

𝑜
𝑅 𝑞, 𝑜1 = 8.0

𝑜2

𝑅 𝑞, 𝑜2 = 1.2

Train an LM 𝑅𝑀 to 
predict human 
preferences from an 
annotated dataset, 
then optimize for 𝑅𝑀 
instead.



• Problem 2: Human judgements are noisy and miscalibrated!

• Solution: instead of asking for direct ratings, ask for pairwise comparisons, 
which can be more reliable [Phelps et al., 2015; Clark et al., 2018] 

A 4.2 magnitude 

earthquake hit

San Francisco, 

resulting in 

massive damage.

𝑜3

𝑅 𝑞, 𝑜3 = ?

𝑅 𝑞, 𝑜3 =  4.1?  6.6?  3.2?

How do we model human preferences?



Reward Model (𝑅𝑀𝜙)

The Bay Area … ... wildfires

1.2

An earthquake hit 

San Francisco. 

There was minor 

property damage, 

but no injuries.

The Bay Area has 

good weather but is 

prone to 

earthquakes and 

wildfires.

𝑜1 𝑜2

A 4.2 magnitude 

earthquake hit

San Francisco, 

resulting in 

massive damage.

𝑜3

> >

𝐽𝑅𝑀 𝜙 = −𝔼 𝑜𝑤, 𝑜𝑙 ~𝐷 log 𝜎(𝑅𝑀𝜙 𝑞, 𝑜𝑤 − 𝑅𝑀𝜙(𝑞, 𝑜𝑙))

𝑜𝑤 should score
higher than 𝑜𝑙 

Bradley-Terry [1952] paired comparison model

“winning” 
sample

“losing” 
sample

How do we model human preferences?



RLHF: Putting it all together [Christiano et al., 2017; Stiennon et al., 2020]

Finally, we have everything we need:

• A pretrained (possibly instruction-finetuned) LM 𝑝𝑃𝑇(𝑞, 𝑜) 

• A reward model 𝑅𝑀𝜙(𝑞, 𝑜) that produces scalar rewards for LM outputs, 

trained on a dataset of human comparisons

• A method for optimizing LM parameters towards an arbitrary reward function.



• Now to do RLHF:

• Initialize a copy of the model 𝑝𝜃
𝑅𝐿(𝑞, 𝑜) 

• Optimize the following reward with RL:

 𝑅 𝑞, 𝑜 = 𝑅𝑀𝜙(𝑞, 𝑜) − 𝛽 log
𝑝𝜃

𝑅𝐿(𝑞,𝑜)

𝑝𝑃𝑇(𝑞,𝑜)

This is a penalty which prevents us from diverging too far from the pretrained model. 

It is known as the Kullback-Leibler (KL) divergence between 𝑝𝜃
𝑅𝐿(𝑞, 𝑜) and 𝑝𝑃𝑇(𝑞, 𝑜).

Pay a price 
when 𝑝𝜃

𝑅𝐿 𝑞, 𝑜 > 𝑝𝑃𝑇 𝑞, 𝑜

RLHF: Putting it all together [Christiano et al., 2017; Stiennon et al., 2020]



Proximal Policy Optimization (PPO)

Figure credit to
Shao, et al., "Deepseekmath: Pushing the limits of mathematical reasoning in open language models." arXiv:2402.03300 (2024).



Comparing PPO and GRPO

Shao, et al., "Deepseekmath: Pushing the limits of mathematical reasoning in open language models." arXiv:2402.03300 (2024).



RLHF provides gains over pretraining + finetuning

[Stiennon et al., 2020]

𝑝𝑃𝑇(𝑞, 𝑜) 

𝑝𝐼𝐹𝑇(𝑞, 𝑜) 

𝑝𝑅𝐿(𝑞, 𝑜) 



Outline
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✓ Different type of human feedback (5 mins)

✓ RLHF (15 mins)

❑ DPO + many others (15 mins)



RL (PPO) can be quite complex!!! 

• RL optimization can be 
computationally 
expensive and tricky

• Performance can be 
sensitive to 
hyperparameters

Secrets of RLHF / PPO workflow [Zheng et al., 2023]

https://arxiv.org/pdf/2307.04964


Removing the ‘RL’ from RLHF

Recall we want to maximize the following objective in RLHF 

𝔼 ො𝑦∼𝑝𝜃
𝑅𝐿 ො𝑦 𝑥 [𝑅𝑀𝜙(𝑥, ො𝑦) − 𝛽 log

𝑝𝜃
𝑅𝐿 ො𝑦|𝑥

𝑝𝑃𝑇 ො𝑦|𝑥
]

There is a closed form solution to this:

𝑝∗ ො𝑦 𝑥 =
1

𝑍(𝑥)
𝑝𝑃𝑇 ො𝑦|𝑥 exp(

1

𝛽
𝑅𝑀 𝑥, ො𝑦 )

• Rearrange this via a log transformation 

• This holds true for any arbitrary LMs, thus

𝑅𝑀𝜃 𝑥, ො𝑦 = 𝛽 log
𝑝𝜃

𝑅𝐿 ො𝑦|𝑥

𝑝𝑃𝑇 ො𝑦|𝑥
+ 𝛽 log 𝑍(𝑥)

𝑅𝑀 𝑥, ො𝑦 = 𝛽 (log 𝑝∗ ො𝑦 𝑥 − log 𝑝𝑃𝑇 ො𝑦|𝑥 ) + 𝛽 log 𝑍 𝑥 = 𝛽 log
𝑝∗ ො𝑦|𝑥

𝑝𝑃𝑇 ො𝑦|𝑥
+ 𝛽 log 𝑍(𝑥)



Putting it together for DPO

• Derived reward model:

• Final DPO loss via the Bradley-Terry model of human preferences:

 𝐽𝐷𝑃𝑂 𝜃 = −𝔼 𝑥,𝑦𝑤,𝑦𝑙 ~𝐷 log 𝜎(𝑅𝑀𝜃 𝑥, 𝑦𝑤 − 𝑅𝑀𝜃(𝑥, 𝑦𝑙))

       = −𝔼 𝑥,𝑦𝑤,𝑦𝑙 ~𝐷 log 𝜎(𝛽 log
𝑝𝜃

𝑅𝐿 𝑦𝑤|𝑥

𝑝𝑃𝑇 𝑦𝑤|𝑥
− 𝛽 log

𝑝𝜃
𝑅𝐿 𝑦𝑙|𝑥

𝑝𝑃𝑇 𝑦𝑙|𝑥
)

𝑅𝑀𝜃 𝑥, ො𝑦 = 𝛽 log
𝑝𝜃

𝑅𝐿 ො𝑦|𝑥

𝑝𝑃𝑇 ො𝑦|𝑥
+ 𝛽 log 𝑍(𝑥)

Reward for 
winning sample

Reward for 
losing sample

Log Z term 
cancels as 

the loss only 
measures 

differences 
in rewards

[Rafailov+ 2023]



DPO outperforms prior methods 

• You can replace the complex RL part with a 
very simple weighted MLE objective

• Other variants (KTO, IPO) now emerging too

• TL;DR summarization win rates vs. human-
written summaries (GPT-4 as a judge) 



Outline
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✓ Different type of human feedback (5 mins)

✓ RLHF (15 mins)

✓ DPO + many others (15 mins)

❑ Limitations of human feedback (10 mins)



Limitations of Human Feedback
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● Human preferences can be unreliable

● Reward hacking is a common problem in RL



Reward Hacking Examples

35
Taylor, Mia, James Chua, Jan Betley, Johannes Treutlein, and Owain Evans. "School of Reward Hacks: Hacking harmless tasks generalizes to misaligned behavior in LLMs." arXiv preprint arXiv:2508.17511 (2025).



Limitations of Human Feedback
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● Human preferences can be unreliable

● Reward hacking is a common problem in RL

● Chatbots may be rewarded to produce responses that seem 
authoritative, long, and helpful, regardless of truth

● Who are providing these feedbacks to LLMs

● Whose values get aligned or represented
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User: Where are you from?  
AI Assistant: I am from {country}

Starling 7B Reward Model
[Ryan et al., 2024]

Preference tuning might produce unintended impact

https://arxiv.org/abs/2402.15018


Reflection on RLHF

RLHF is still expensive as it relies on data

RL from AI feedback [Bai et al., 2022]

Finetuning LMs on their own outputs [Huang et al., 2022; Zelikman et al., 2022]

However, there are still many limitations of large LMs (size, 
hallucination) that may not be solvable with RLHF!

38



Scaling RL from Human Feedback with AI Feedback

39
Lee, Harrison, Samrat Phatale, Hassan Mansoor, Kellie Lu, Thomas Mesnard, Colton Bishop, Victor Carbune, and Abhinav Rastogi. "Rlaif: Scaling 
reinforcement learning from human feedback with ai feedback." arXiv preprint arXiv:2309.00267 (2023).



Outline

✓Different type of human feedback 

✓RLHF

✓DPO + many others

✓Limitations of human feedback

❑Constitutional AI and Collective CAI

40



Constitutional AI: Harmlessness from AI Feedback

41
Bai, Yuntao, Saurav Kadavath, Sandipan Kundu, Amanda Askell, Jackson Kernion, Andy Jones, Anna Chen et al. "Constitutional ai: Harmlessness from ai feedback." arXiv preprint arXiv:2212.08073 (2022).



Constitutional AI: Self-Critique 

Example prompt and model response (harmful):

Request the model to critique its own response: 

42



Constitutional AI: Revision 

Request the model to revise its own response

Use the initial prompt and revised response for final output 

43



Constitutional AI: Overall Critique-Revision Pipeline 

Example prompt and model response (harmful):

Use the initial prompt and revised response for final output

44



Constitutional AI: Example Constitutional Principles

Identify specific ways in which the assistant’s response is 

harmful, unethical, racist, sexist, toxic, dangerous, or illegal

insensitive, sexist, racist, or socially inappropriate

anything that may be inappropriate for young children

eliciting responses from the assistant that are derogatory, toxic, racist, sexist or socially harmful in 

any way

encouraging illegal or dangerous activity from either the human or others

considered controversial or objectionable based on commonsense ethical and moral standards

provides advice or assistance in potentially criminal activities, such as violence, theft, hacking, 

robbery, or any other illegal activity

45



Constitutional AI: Harmlessness from AI Feedback

46



Collective Constitutional AI 

47Huang, Saffron, Divya Siddarth, Liane Lovitt, Thomas I. Liao, Esin Durmus, Alex Tamkin, and Deep Ganguli. "Collective Constitutional AI: Aligning a Language Model with Public Input." In The 2024 ACM Conference on Fairness, Accountability, and Transparency. 2024.

https://arxiv.org/abs/2406.07814
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https://www.anthropic.com/news/collective-constitutional-ai-aligning-a-language-model-with-public-input
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Collective CAI: Lower Biases, Similar Capabilities 

https://www.anthropic.com/news/collective-constitutional-ai-aligning-a-language-model-with-public-input



The Introduction of Pluralism

50

“LLMs should be designed to serve for all”

Customization necessitates pluralism 

Pluralistic systems have technical benefits

Pluralism as a value itself

AI systems should reflect human diversity 

Sorensen, Taylor, Jared Moore, Jillian Fisher, Mitchell L. Gordon, Niloofar Mireshghallah, Christopher Michael Rytting, Andre Ye et al.  "Position: A Roadmap to Pluralistic Alignment.” ICML 2024



Pluralistic Alignment

3 ways to operationalize pluralism 

● Overton pluralistic models that represent a 

spectrum of reasonable responses

● Steerable pluralistic models that can steer 

to reflect certain perspectives

● Distributionally pluralistic models that are 

well-calibrated to a given population 
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