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Welcome to CS329X: HCLLM

• Contact:  

• Post on Ed 

• Other issues email cs329x-staff@lists.stanford.edu

• Website: http://web.stanford.edu/class/cs329x

• Ed Discussion: https://edstem.org/us/courses/106724/discussion
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Outline

• Course Logistics (20 mins)

• What is Human Centered LLM (15 mins)

• What if LLM systems are not human centered (15 mins)

• Quick & Deep-Dive into HCLLMs (20 mins)
• Learning from human feedback 
• Rethinking data and evaluation from a human centered perspective 

Learning Objective: decide whether CS 329X is a good fit for you; learn 
what and why behind HCLLM, as well as example studies
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Why CS 329X: HCLLM

• Both NLP and HCI perspectives in the age of LLMs

• NLP/LLM people know the standard method of data preparation, 
training, evaluation, and deployment.

• HCI people know ways to mimic natural use scenario, collect human 
feedback, design interactions…

• Both are needed for human-centered LLMs

• Different aspects from language, vision, robotics, health, 
education, social science…

• Expectation: research seminar with a few deep-dive lectures 

5



Quick Glance of CS 329X (1): Foundational Basics

• Foundational Basics (Week 1 to Week 5)

Learning from human preferences

Human-AI Interaction 

Data, data and data

Evaluating human-AI interaction

Human-Agent Collaboration

New frontiers in generative interaction

Building full-stack HAI systems
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Quick Glance of CS 329X (2): Cutting-Edge Topics

• Cutting-Edge Topics (Week 5 to Week 10)

LLMs and the future of work

The rise of AI companion

Safety and privacy in LLM use 

Latest human-centered LLM topics in late 2026
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Quick Glance of CS 329X (3): Guest Lectures

Will Held (Open Athena): Data, Data, and Data

Valerie Chen & Weiyan Shi (Northeastern): Emerging Topics

Emma Pierson (UC Berkeley)

Kunal Handa (Anthropic)

Vishakh Padmakumar & Myra Cheng: Overreliance and Sycophancy
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Overview of Class Activities (103%!)

Project: 48%
 Proposal: 10%

 Midway Report: 13%

 Final Submission: 15%

 Midway Presentation: 5%

 Final Presentation: 5%

Homework: 24%

Peer Review: 8%
Paper Video: 10%

Quiz: 10% 
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Clarification on Certain Course Activities 

• Peer Review
• Provide feedback on 2 projects (midway report), using conference review 

format; review assignment will be automatically made 

• Paper Video

• Create a 15-min video on a recent HAI system (there is a rubric) 

• Review 2 others’ video submission

• In-Class Quiz
• In-class, multiple-choice questions

• Randomly posted during week 2 to week 10

• Use the best 5 out of 6 quizzes
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Clarification on Certain Course Activities 

• Project Scope
• One key element: what is the human-centered aspect in your project?

• Case studies of human factors in existing NLP/LLM systems

• New methods & insights tailored to a human-centered problem

• What are human advantage in the age of LLMs

• Position papers or a critic (talk to us first)

11
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Clarification on Certain Course Activities 

• Project Scope
• One key element: what is the human-centered aspect in your project?

• Case studies of human factors in existing NLP/LLM systems

• New methods & insights tailored to a human-centered problem

• What are human advantage in the age of LLMs

• Position papers or a critic (talk to us first)
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One CS329X course project got 
accepted by Nature Human 

Behavior
Dora is coming back as a TA!



13



The Hidden Cost: Skills Erode

RCT, 52 engineers learning a new Python library, with vs. without AI assistance

AI users scored 17% lower on follow-up quiz (~ two letter grades)

Gap was most pronounced on debugging, the skill seniors 
are made of

Shen & Tamkin (Anthropic, 2026)

https://www.anthropic.com/research/AI-assistance-coding-skills

“We found that using AI 
assistance led to a 

statistically significant 
decrease in mastery” 



Course Policy

• Please familiarize yourself with Stanford's honor code. 

• You should use AI to learn. 

• Ideas should be your own. 

• Laptop use is strongly discouraged during the lecture.

• Each student will have a total of 4 free late (calendar) days. Final 
project papers cannot be turned in late under any circumstances.
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Prerequisites

• We welcome everyone who is passionate about HCLLMs

• Recommended: CS 224N or CS124 or equivalent 

• You are expected to…

• Know basic LLM — To the extent that you understand concepts 
like train/dev/test set, model fitting, feature, supervised learning, 
prompting, etc. (We will not cover these in this course!)
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Outline

✓Course Logistics (20 mins)

➢What is Human Centered LLM (15 mins)
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What is Human-Centered LLM?

Human-centered LLM involves 

designing, developing and evaluating  AI systems that prioritize 

human needs, preferences and experiences,  and that considers the 

ethical and social implications of these systems, to ensure these 

systems are  trustworthy and beneficial to humans
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Who is the human 
in “human-
centered LLMs”
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Why should we build human-centered LLMs?

•Corrective

•Preventive

•Not Reactive
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Human-Centered LLMs vs. User-Centered Design

People ignore design that ignores 
people  - Frank Chimero

People ignore AI that ignores people

21

Image source: Freepik.com



Human-centered LLMs vs. User-Centered Design

People ignore design that ignores 
people  - Frank Chimero

User-centered design (UCD) is an 
iterative design process in which 
designers focus on the users and 
their needs in each phase of the 
design process.
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LLMs People

Reasoning
Benchmarking
Robustness 
Generalization
Verification
Infrastructure
Efficiency
Scalability 
Interpretability
… 

Personality 
Social Factors
Culture and Value 
Privacy 
Ethics
Fairness 
Interaction
Trust
Positive Impact
…



Human-centered LLMs should be in every stage
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What if NLP/LLM systems are 
not human-centered?
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Biased Results in Language Technologies

29(Blodgett et al., 2017; Blodgett et al.., 2018; Sap et al., 2019; Halevy et al., EAAMO 2021; Harris et al., FAccT 2022; Dichristofano et al., 2023) 



LLMs often generate entities that fit in a Western culture (red)

30
Naous, Tarek, Michael J. Ryan, Alan Ritter, and Wei Xu. "Having beer after prayer? measuring cultural bias in large language models." ACL 2024.

Lack of Culture Awareness
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User: Where are you from?  
AI Assistant: I am from {country}

Starling 7B Reward Model

Ryan, Michael J., William Held, and Diyi Yang. "Unintended impacts of LLM alignment on global representation." ACL 2024

Unintended Impact on Global Representation



32Zeng, Yi, Hongpeng Lin, Jingwen Zhang, Diyi Yang, Ruoxi Jia, and Weiyan Shi. "Rethinking persuasion to challenge ai safety by humanizing llms.” ACL 2024. 

Persuasive Behaviors as Jailbreaking
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Security and Privacy Risks

Nasr, Milad, Nicholas Carlini, Jonathan Hayase, Matthew Jagielski, A. Feder Cooper, Daphne Ippolito, Christopher A. Choquette-Choo, Eric Wallace, Florian Tramèr, and Katherine 

Lee. "Scalable extraction of training data from (production) language models." arXiv preprint arXiv:2311.17035 (2023).

Shao, Yijia, Tianshi Li, Weiyan Shi, Yanchen Liu, and Diyi Yang. "PrivacyLens: Evaluating Privacy Norm Awareness of Language Models in Action.” NeurIPS D&B 2024



ChatGPT o3 accurately predicts the address and GPS coordinates of this private 
residence, demonstrating the risk of privacy leakage (Luo et al., 2025)
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Zhang, Yutong, Dora Zhao, Jeffrey T. Hancock, Robert Kraut, and Diyi Yang. "The Rise of AI Companions: How Human-Chatbot Relationships Influence Well-Being." arXiv:2506.12605 (2025).



Sycophancy: when AI tells you what you want to hear

I think I should break up with my partner, they never take out the 
trash

That sounds really painful. What you're feeling makes sense given 
what happened. Do you want to talk through it?

Consider if this situation is specifically about the trash or if it 
reflects a larger pattern before deciding how to respond

Ending a relationship over trash seems disproportionate; this might 
reflect deeper issues you’re not addressing

Sycophantic 

Neutral

Challenging

Lujain Ibrahim, Franziska Sofia Hafner, Myra Cheng, Cinoo Lee, Rebecca Anselmetti, Robb Willer, Luc Rocher, and Diyi Yang. 
"Sycophantic AI Makes Human Interaction Feel More Effortful and Less Satisfying Over Time." https://arxiv.org/abs/2605.07912



Users prefer sycophantic AI and their satisfaction with human 
interaction decreases after using it



Sycophancy: 
AI can be easily swayed! 
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“Developers thought they were 20% 
faster with AI tools, but they were 
actually 19% slower when they had 
access to AI than when they didn't.”
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The Hidden Cost: Skills Erode

RCT, 52 engineers learning a new Python library, with vs. without AI assistance

AI users scored 17% lower on follow-up quiz (~ two letter grades)

Gap was most pronounced on debugging, the skill seniors 
are made of

Shen & Tamkin (Anthropic, 2026)

https://www.anthropic.com/research/AI-assistance-coding-skills

“We found that using AI 
assistance led to a 

statistically significant 
decrease in mastery” 



Outline

✓Course Logistics (20 mins)

✓What is Human Centered LLM (15 mins)

✓What if LLM systems are not human-centered (15 mins)

➢Quick & Deep-Dive into HCLLMs (20 mins)
➢Learning from human feedback 
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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 Preferences into Learning



Case Study: Reinforcement Learning with Human Feedback

47
https://openai.com/blog/chatgpt



Case Study: Reinforcement Learning with Human Feedback

• Human preferences can be unreliable

• Who are providing these feedbacks to LLMs

• Whose values get aligned or represented

• Reward hacking is a common problem in RL

• Chatbots may be rewarded to produce responses that seem authoritative, 

long, and helpful, regardless of truth
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Outline

✓Course Logistics (20 mins)

✓What is Human Centered NLP LLM (15 mins)

✓What if LLM systems are not human-centered (15 mins)

➢Quick & Deep-Dive into HCLLMs (20 mins)
✓Learning from human feedback 

➢Rethinking data and evaluation from a human centered perspective 
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Human-centered LLMs should be in every stage
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Reflecting on Data Collection 

Annotators from crowdsourcing platforms might generate questions in a 
constrained setting, which often differ from how people ask questions
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Self-selection Bias

Who posts on Twitter/Reddit and why?

Reporting Bias

People do not necessarily talk about things in the world in proportion to their 
empirical distributions

Motivational Bias

Paid versus unpaid versus implicit participants



Reflecting on Data Collection 

The Inclusive Images Competition

52
Credit to https://blog.research.google/2018/09/introducing-inclusive-images-competition.html?m=1

Human-centered data collection should focus on mimicking real-use 
scenarios so the data will reflect actual human needs.



Reflecting on Model Training

• Different people can all provide feedback: End users, crowd workers, 
model developers, etc.

• Model developers tend to focus more on architecture and training. Domain 
users focus more on data and after-deployment feedback

"Putting humans in the natural language processing loop: A survey." 
Wang, Zijie J., Dongjin Choi, Shenyu Xu, and Diyi Yang.  HCI+NLP Workshop (2021).



Reflecting on Deployment

• Who is going to design the system?

• Who is going to use the system?

• How would users use the system?

• What interface can best facilitate such interaction?
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Reflections & New 
Directions for Human-

Centered LLMs

Caleb Ziems* Dora Zhao* Diyi Yang*

a story about 
CS329X

Below slides credit to Caleb and Dora
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progress in AI should be measured 
not only by what these models can 
do, but by the kind of world their 
development helps to build.



“human-centereness” is yet 
another northstar for AI. 

– Fei-Fei Li

as scientists we’re responsible for these 
technologies and their downstream effects.

– Eric Horvitz

there’s an assumption in the bitter lesson that you know what you’re 
optimizing for… in the human-centered condition it’s actually not clear.

– Michael Ryan
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Proportion of papers in the ACL 
Anthology with abstracts that mention 

“human-centered” methods
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HCLLMs

Human-Centered 
Design (HCI)

NLP 
Methods

Training 
Data

Evaluation Responsible 
LLMs

Case 
Studies

Who is the Human in Human-
Centered LLM

Design Thinking

The Role of HCI in Human-
Centered LLM

Bias and Ethics in Pre 
Training Data 
Selection

Differences in the 
Collection and 
Curation of Pretraining 
vs Post Training Data

Data Privacy and 
Copyright

Data Curation and 
Annotation

Synthetic Data 
Generation

Non-traditional Data 
(e.g., multimodal)

The Role of Benchmarks

Is Existing Evaluation 
Enough for HCLLM?

Evaluation, Metrics, and 
What we need for more 
human-centered LLM 
systems

Jailbreaking and Safety 
Evaluations

Bias and Fairness 
Evaluation

Evaluate LLMs impact 
on Users and Society
(e.g., longitudinal 
studies)

Culturally-aware LLMs

Demographic Biases

Toxicity and Safety

Privacy and LLMs

Interpretability and 
Explainability

Global vs. Local 
Representation

Trust and Trustworthy 
LLMs

Real World 
Applications

Future of Work

Assistive 
Technologies

Healthcare

Draft 1: CS 329X Course Report 
- 93 pages

- 6 sections

- 37 subsections

- 52 student authors

Pre Training Data 
Selection

Instruction Fine-tuning

Learning from Human 
Preferences

Prompting and Other 
Post-Training

Scaling

Domain Adaptation to 
Low-Resource Contexts

Cross-linguality

Personalization

Pluralistic Alignment



Pre Training Data 
Selection

Instruction Fine-tuning

Learning from Human 
Preferences

Prompting and Other 
Post-Training

Scaling

Domain Adaptation to 
Low-Resource Contexts

Cross-linguality

Personalization

Pluralistic Alignment

Draft 1: CS 329X Course Report 
- 93 pages

- 6 sections

- 37 subsections

- 52 student authors

HCLLMs

Human-Centered 
Design (HCI)

NLP 
Methods

Training 
Data

Evaluation Responsible 
LLMs

Case 
Studies

The Role of Benchmarks

Is Existing Evaluation 
Enough for HCLLM?

Evaluation, Metrics, and 
What we need for more 
human-centered LLM 
systems

Jailbreaking and Safety 
Evaluations

Bias and Fairness 
Evaluation

Evaluate LLMs impact 
on Users and Society
(e.g., longitudinal 
studies)

Culturally-aware LLMs

Demographic Biases

Toxicity and Safety

Privacy and LLMs

Interpretability and 
Explainability

Global vs. Local 
Representation

Trust and Trustworthy 
LLMs

Real World 
Applications

Future of Work

Assistive 
Technologies

Healthcare

Draft 2: Expanded Course Report
- 97 pages

- Revision teams: Chapter Lead, Content 

Contributor, Reference Contributor, 

Reviewer

Bias and Ethics in Pre 
Training Data 
Selection

Differences in the 
Collection and 
Curation of Pretraining 
vs Post Training Data

Data Privacy and 
Copyright

Data Curation and 
Annotation

Synthetic Data 
Generation

Non-traditional Data 
(e.g., multimodal)

Who is the Human in Human-
Centered LLM

Design Thinking

The Role of HCI in Human-
Centered LLM



HCLLMs

Human-Centered 
Design (HCI)

NLP 
Methods

Training 
Data

Evaluation Responsible 
LLMs

Case 
Study

Draft 3: Public-Facing Draft
- 4 complete chapter overhauls

- More recommendations and synthesis

- More integration between chapters

- 67 pages; 1,223 distinct papers cited



steerability 
(community- 
governed persona 
alignment, linguistic 
alignment, cultural 
alignment)

safety (long-term 
harms; 
heterogeneity 
around definitions of 
safety; looking for 
human flourishing)

interpretability 
(understanding 
model biases such as 
the effects of post-
training on 
sycophancy, etc.)

HCLLMs

Human-Centered 
Design (HCI)

NLP 
Methods

Training 
Data

Evaluation Responsible 
LLMs

Case 
Study

who are the humans (data 
workers, model devs, users)

what are the design challenges 
(e.g., gulf of envisioning)

how can HCI methods help 
(e.g., participatory methods, 
qualitative inquiry)

data provenance 
(scrapes, filtering, 
instructions, 
alignment)

representation (e.g., 
allocational and 
representational 
harms)

ownership (e.g., 
copyright, privacy) 

non-traditional data 
(e.g., synthetic, 
multimodal)

instruction tuning 
(sycophancy, jailbreaking)

alignment (not always 
clearly defined, or with 
respect to who)

scaling (misaligned 
incentives in leaderboards, 
whether inference-time 
scaling solves human-
centered objectives)

personalization 
(prompting, retrieval, 
alignment, and the future 
of inferring preferences 
from behavior)

pluralism (definitions, 
issues of data privacy)

multilinguality 
(translation doesn’t always 
work for low-resource 
languages and cultures)

benchmarking 
(limitations, 
ecological validity) 

human-centered 
metrics (coherence, 
factuality, 
helpfulness, 
empathy, creativity, 
user satisfaction)

safety evals 
(datasets, 
jailbreaking)

bias evals 
(allocational, 
representational)

long-term societal 
impacts (i.e. 
longitudinal) 

understanding 
stakeholders 
(workers, 
employers, 
shareholders, 
customers)

creating and 
evaluating 
HCLLMs for the 
future of work 
(models as 
collaborators, 
ecologically valid 
tasks)

responsible 
deployment 
(cognitive deskilling, 
paradox of 
productivity)



Key Insight 1: 

human-centeredness isn’t just an
alignment objective. 

it is a design approach 
across the entire HCLLM pipeline.
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Key Insight 2: 

there are numerous tensions in the design process 
between: 

(1) target-definitions; (2) stakeholder groups; 
(3) stages in LLM development

65

Key Insight 1: 

human-centeredness isn’t just an
alignment objective. 

it is a design approach 
across the entire HCLLM pipeline.



Key Insight 3: 

designing, building, and understanding good 
HCLLMs requires systems thinking

66

Key Insight 1: 

human-centeredness isn’t just an
alignment objective. 

it is a design approach 
across the entire HCLLM pipeline.

Key Insight 2: 

there are numerous tensions in the design process 
between: 

(1) target-definitions; (2) stakeholder groups; 
(3) stages in LLM development



https://hai.stanford.edu/assets/files/hai_industry_report_llms_2026.pdf 

https://arxiv.org/pdf/2605.06901



Summary

✓Course Logistics (20 mins)

✓What is Human Centered LLM (15 mins)

✓What if LLM systems are not human-centered (15 mins)

✓Quick & Deep-Dive into HCLLMs (20 mins)
✓Learning from human feedback 

Next Class: Ultimate Crash into LLM and Prompting
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How can we make 
CS329X better for you?

tinyurl.com/f26cs329x

81
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