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Diyi Yang



Announcements 

• Debate sign-up

• Homework 1 due on Oct 12

• Example project ideas
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Let’s talk about project ☺ 



Pick A Question That You’re Excited About

• Broadly relevant to HCI + NLP

• Why is your project a good fit to “human-centered LLM”

• Could you formulate a research question to deeply explore it?

• What type of data might be available for you to use?

• Which software or tools could you use to work on it?

• How do you evaluate the outcome of your project?
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What Could Be A Final Project?

Develop new methodologies to leverage human feedback/preferences

Fairness, bias, or ethical issues around existing LLMs/VLMs

Building interactive systems to allow humans to interact with LLMs

Simulating personas via LLMs 

Understanding culture, values, belief in/of LLMs

Sycophancy, overreliance, companionship, etc

LLMs for social good (e.g., accessibility, misinformation, persuasion, etc)

LLMs and future of work 

AI use and skill erosion 

Position papers or a critic (talk to us first)
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Project Team and Key Considerations 

• Recommend 1-3 people 

• Clearly divide the work among team members

• Reach out to us if you need anything

• Feel free to talk to your neighbors or use Ed Discussion

• Consider the availability of data, ML/agentic frameworks, 
computation, and evaluation
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Recommendations for Successful Projects

• Start early and work on it every week rather than rushing at the end

• Get your data first! 

• Have a clear, well-defined research question (creative ones ++)

• Results should teach us something

• Present and visualize results well 

• Come to office hours and talk to us!
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Common Issues

Data not available or hard to get access to

No code written for model/data processing

Team starts late or not well-coordinated

Results/conclusion don’t say much besides that it didn’t work

Even if results are negative or unexpected, analyze them
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Learning Objective: understand different types of human-AI interaction, and 
other approaches to enable human-AI interaction/collaboration

Outline

❑Wrap up RLHF: Preference Tuning (10 mins)

❑What Is Human-AI Interaction (10 mins)

❑Enable Human-AI Interaction & Collaboration (20 mins)

❑Human-AI Interaction Case Studies (10 mins)
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Preference Tuning: Group Preference Optimization

10Zhao, 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
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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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Demonstration Iterated Task Optimization

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



How well does DITTO perform?

Author Attribution Dataset

A set of articles per author

DITTO

Which author wrote this piece?



Win Rates of DITTO Compared to Baselines

Demonstrations are more sample 
efficient than pairwise preferences



How about personalized reward model? 
SynthesizeMe 

Leverage prior interactions with an LLM to write a 

personalized system prompt and gain user insights!
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Ryan, Michael J., Omar Shaikh, Aditri Bhagirath, Daniel Frees, William Held, and Diyi Yang. "SynthesizeMe! Inducing Persona-Guided Prompts for Personalized Reward Models in LLMs." ACL 2025.

Another CS329X course project 
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SynthesizeMe produces better LLM Judge Reward Models than 
Demographics or Memory-Based Personalization
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Prompt Transfer and Induced Personas

21

Prompts Learned on small models can 
power larger ones and vice versa.

Induced personas map to useful topics 
for learning about users



Outline

✓Wrap up RLHF: Preference Tuning (10 mins)

❑What Is Human-AI Interaction (10 mins)

❑Enable Human-AI Interaction & Collaboration (20 mins)

❑Human-AI Interaction Case Studies (10 mins)
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 A Day in the Life with AI
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Time Interaction Example

 Morning Smart alarm & voice assistant

 Commute Traffic updates, autonomous driving 

 Work Smart scheduling, copilot

 Shopping Product recommendations

 Education Personalized learning apps

 Finance Budgeting apps, fraud detection

 Health Fitness trackers, symptom checkers

 Social Chatbots, real-time translation

 Night Sleep quality insights, guided meditations



Definition: how humans and AI systems interact 

Humans: AI researchers, model developers, domain experts, end users…

AIs: LLMs, VLMs, translator, recommender system, autonomous driving system…

Interact:

Humans collaborate with AI,
Humans get assistance from AI,
Humans analyze AI, 
AI helps human,
& many other forms

24

The Rise of “Human-AI Interaction”



The Space of Human-AI Interaction

Human-AI 
Interaction

Interaction 
mode (e.g., 
text, voice, 
interface)

Adaptive 
learning (e.g., 
personalization, 

coadaption)

AI system 
and human-
in-the-loop

User 
experience 

(e.g., usability, 
transparency) 

Interpretability 

Many other 
aspects  ...

Theoretical foundation:  HCI, psychology, sociotechnical systems, design, ethics, cognitive science  



How Should We Build Better Human-AI Interaction
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Design

Enable

Evaluate

Why should they interact? How do we make it happen?

How can we enable human-LLM interaction?

Have we achieved what we want to achieve? 
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AI was supposed to take boring jobs and allow people 
to be creative, but the opposite happened
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Outline

✓What Is Human-AI Interaction (10 mins)

❑Enable Human-AI Interaction & Collaboration (20 mins)

❑Automation vs. Augmentation in “Human-AI Collaboration” 

❑Agency, RL and situational reasoning to improve collaboration

❑Mixed examples of “does human-AI collaboration work” 
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Automation vs. Augmentation

Automation: AI replaces human capabilities

Augmentation: AI enhances human capabilities

❖ Automation isn’t inherently bad

❖ Automation increases profits for a few 

❖ Augmentation can lead to increased 

performance, creativity, new tasks, and 

emerging needs
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Turing Trap 

Automating work 
instead of enhancing 
human labor leads to 
a concentration of 
wealth and power, 
trapping the rest in a 
system where they 
can’t improve their 
lives

Brynjolfsson, Erik. "The turing trap: The promise & peril of human-like artificial intelligence." Daedalus 151, no. 2 (2022): 272-287.
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Recent Examples on Automation vs. Augmentation
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AI Agent Drives Task Completion

The AI agent takes primary responsibility for task 
execution with no or minimal human oversight.

Human Drives Task Completion

The human takes primary responsibility for task 
execution with varying levels of AI assistance.

Equal Partnership

The human and the AI 
agent collaborate closely 

throughout the task.

Team 
Dynamics

Automation
AI replaces human capabilities

Augmentation
AI enhances human capabilities

AI Role

AI agent handles the 
task entirely on its own 

without your 
involvement.

AI agent needs your 
input at a few key 

points to achieve better 
task performance.

Task completion fully 
relies on your 
involvement.

AI agent and you work 
together to 

outperform either 
alone.

Required 
Human 

Involvement

AI agent needs your 
input to successfully 
complete the task.

HAS H1 HAS H2 HAS H3 HAS H4 HAS H5

Framework for Automation vs. Augmentation
Human Agency Scale 

Shao, Yijia, Humishka Zope, Yucheng Jiang, Jiaxin Pei, David Nguyen, Erik Brynjolfsson, and Diyi Yang. 
"Future of Work with AI Agents: Auditing Automation and Augmentation Potential across the US Workforce." arXiv:2506.



Worker Desire for Automation

Top reasons of why workers want 

automation for these tasks: 

1. Automating the task would free 

up my time for high-value work

2. Automating this task would 

improve the quality of work

3. The task is mentally draining

4. The task is complicated or difficult 
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Outline

✓What Is Human-AI Interaction (10 mins)

❑Enable Human-AI Interaction & Collaboration (20 mins)

✓Automation vs. Augmentation in “Human-AI Collaboration” 

❑Agency, RL and situational reasoning to improve collaboration

❑Mixed examples of “does human-AI collaboration work” 
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Lots of Applications of 
Human-AI Interaction/ Collaboration 

Mathematics 

Problem Solving

Coding 

Assistance

Document 

Editing

Scientific

Discovery

Task
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https://www.platformer.news/openai-operator-ai-agent-hands-on/ 

Agency and Friction during Human-AI Interaction
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Grounding Gaps in Human-AI Interaction
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We observe no correlation between SFT training 
steps and grounding acts, but negative correlation 
between DPO train steps and grounding acts

Shaikh, Omar, Kristina Gligorić, Ashna Khetan, Matthias Gerstgrasser, Diyi Yang, and Dan Jurafsky. "Grounding gaps in language model generations." 
NAACL 2024



Using RL to Improve Human-AI Collaboration 

LLMs are usually tuned based on single-turn human preferences

But these single-turn rewards encourage models to generate responses that may 

NOT be useful in the long term.

Slides credit to Shirley Wu on CollabLLM



From Passive Responders to Active Collaborators

Wu, Shirley, Michel Galley, Baolin Peng, Hao Cheng, Gavin Li, Yao Dou, Weixin Cai, James Zou, Jure Leskovec, and Jianfeng Gao. "Collabllm: From 
passive responders to active collaborators." arXiv preprint arXiv:2502.00640 (2025).
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Collaborative LLM Reward
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o Extrinsic Reward: how well the conversation achieves user’s goal

o Intrinsic Reward: rewards user experience: token count, LLM judge

o 𝑹(𝒕𝟏:𝑲): Extrinsic/Intrinsic reward or a combination of them



Multiturn-aware reward (MR):  causal effect estimation of how model’s 

response influences the future trajectory of a conversation

Quantify the effect of intervention (model response 𝑚𝑗):

   

 𝑀𝑅 𝑚𝑗 = E
𝑡1:𝐾~𝑃 𝑡1:𝐾 𝑡1:𝑗−1 ∪ 𝑚𝑗

𝑅(𝑡1:𝐾)

𝑡𝑖:𝑗 denotes the conversation from 𝑖-th to 𝑗-th turn

Collaborative LLM Reward
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Estimate long-term impact with synthetic conversations

Goal: Evaluate the long-term impact 

of this model response

Approach:

① Sample synthetic future 

conversations w/ user simulators

② Apply conversation-level reward 

for each conversation

③ Average the rewards
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Train LLMs to generate responses that maximize multiturn reward
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CollabLLM can be integrated with PPO (Schulman et al. 2017) and DPO (Rafailov et al. 2023) 
to conduct RL finetuning



Improvement of CollabLLM

CollabLLM yields 

high-quality 

documents, better 

user experience, 

and saves time by 

>10%!
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Qualitative Insights related to CollaborativeLLMs

About Base (llama-3-1-8b):

“the AI just agreed with me on pretty much everything. There was no debate or discussion.”
  

About Proactive Base:

”The AI seemed to be very redundant and asked me the same questions over and over”

About CollabLLM:
 

“It helped really well to navigate what to say and what information is needed”

“The AI really helped focusing on one part of the story at a time.”

“Asking questions and making you think of things you never thought of”
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Agent
Environment

Action

Observation

Human

Enable human-agent collaboration

Shao, Yijia, Vinay Samuel, Yucheng Jiang, John Yang, and Diyi Yang. "Collaborative gym: A framework for enabling and evaluating human-agent collaboration." arXiv preprint arXiv:2412.15701 (2024).
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