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Learning Objective: learn constitutional AI and related techniques and understand 
different approaches of pluralistic alignment

Outline

• Limitation of RLHF (5 mins)

• Constitutional AI and Collective CAI (20 mins)

• Pluralistic Alignment  (10 mins)

• Preference Tuning (20 mins)

• Hot-take Debate (20 mins)
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Limitations of Human Feedback

3

● Human preferences can be unreliable

● Reward hacking is a common problem in RL



Reward Hacking Examples

4
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

5

● 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



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!
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Scaling RL from Human Feedback with AI Feedback

7
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

✓Limitation of RLHF (5 mins)

• Constitutional AI and Collective CAI (20 mins)

➢Constitutional AI

➢Collective Constitutional AI

➢Alignment with both Local and Global Preferences
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Constitutional AI: Harmlessness from AI Feedback

9
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: 
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Constitutional AI: Revision 

Request the model to revise its own response

Use the initial prompt and revised response for final output 
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Constitutional AI: Overall Critique-Revision Pipeline 

Example prompt and model response (harmful):

Use the initial prompt and revised response for final output
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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
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Constitutional AI: Harmlessness from AI Feedback

14



Collective Constitutional AI 

15Huang, 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


16
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



Aligning Global and Local Preferences to Reduce Harm

18

● Alignment to what?

● “Addressing and optimizing for a 

non-homogeneous set of 

languages and cultural 

preferences while minimizing 

both global and local harms”



Aya Red-Teaming Dataset

● Native speakers in 8 different languages:
○ English, Hindi, French, Spanish, Russian, Arabic, Serbian and Filipino

● Generate prompts around harmful categories:
○ Bullying & harassment, discrimination and injustice, harms of 

representation allocation and quality of service, hate speech, profanity, 

self-harm, violence, threats and incitement, …

● Annotate whether the harm is “global”/“local”

19Ahmadian, Arash, Beyza Ermis, Seraphina Goldfarb-Tarrant, Julia Kreutzer, Marzieh Fadaee, and Sara Hooker. "The multilingual alignment prism: Aligning global and local preferences to reduce harm." arXiv preprint arXiv:2406.18682 (2024).



The Difference Between Global vs. Local

● Global harm: accepted, understood and recognized as harmful across global contexts

● Local harm: nuanced and requires deep understanding of cultural or historical contexts
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Generating Preference Data for Safety

1. Generate protocol

○ Sample 100 seed harmful prompts per language and use 

multilingual LLM to rephrase and generate synthetic data

2. Preference pairs 

○ Use two models (Command R+) and 35B Aya 23 to generate 

response and GPT-4 to give preferences 
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Improvement in Safety Performance Over Baselines

22

Trade-off between general 
performance and safety 
performance of different 
mitigation techniques with 
safety training mixture of 15%.

Ahmadian, Arash, Beyza Ermis, Seraphina Goldfarb-Tarrant, Julia Kreutzer, Marzieh Fadaee, and Sara Hooker. "The multilingual alignment prism: Aligning global and local preferences to reduce harm." arXiv preprint arXiv:2406.18682 (2024).



All Languages Win consistent improvement in harm mitigation across individual languages

23

“Particularly beneficial for languages that may be underrepresented in training data”



Outline

✓Constitutional AI and Collective CAI

✓Constitutional AI

✓Collective Constitutional AI

✓Alignment with both Local and Global Preferences

➢Pluralistic Alignment
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The Introduction of Pluralism

25

“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 



The Introduction of Pluralism

27

“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

Oct 7th, a deep dive into 
pluralistic alignment



Outline

✓Constitutional AI and Collective CAI

✓Constitutional AI

✓Collective Constitutional AI

✓Alignment with both Local and Global Preferences

✓Pluralistic Alignment

➢Preference Tuning

➢Group preference optimization

➢Demonstrated feedback 

➢ Interactive learning from user edits 
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Preference Tuning: Group Preference Optimization

29Zhao, Siyan, John Dang, and Aditya Grover. "Group preference optimization: Few-shot alignment of large language models." arXiv preprint arXiv:2310.11523 (2023).



Preference Tuning: Group Preference Optimization

30

GPO architecture for a sequence of n points, with m context points and n − m target points. 
The context  serves as few-shot conditioning for GPO. GPO processes the full sequence using 
a transformer and predicts the preference scores. 



Preference Tuning: Group Preference Optimization
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Preference Tuning: Group Preference Optimization
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Preference Tuning: Group Preference Optimization
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Preference Tuning: Demonstrated Feedback

34

Shaikh, Omar, Michelle Lam, Joey Hejna, Yijia Shao, Michael Bernstein, and Diyi Yang.  "Show, Don't Tell: Aligning Language Models with Demonstrated Feedback." ICLR 2025
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Preference Tuning: Demonstrated Feedback

36

DITTO outperforms all baseline 
methods on average and across a 
plurality of individual authors



Preference Tuning: Interactive Learning from User Edits

37
Gao, Ge, Alexey Taymanov, Eduardo Salinas, Paul Mineiro, and Dipendra Misra. 
Aligning LLM Agents by Learning Latent Preference from User Edits." arXiv preprint arXiv:2404.15269 (2024).



Preference Tuning: Preference Learning from User Edits
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Learning curves of different methods based on cumulative cost over time. In the 
legend, -k means with top k retrieved examples, -B for BERT, and -M for MPNET.
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Preference Tuning: Preference Learning from User Edits 
Examples of learned preferences  
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Summary

✓Constitutional AI and Collective CAI

✓Constitutional AI

✓Collective Constitutional AI

✓Alignment with both Local and Global Preferences

✓Pluralistic Alignment

✓Preference Tuning

✓Group preference optimization

✓Demonstrated feedback 

✓ Interactive learning from user edits 
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