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Welcome!
I'm very excited to welcome you to this advanced NLP seminar! We will cover ethical and social issues in NLP, especially focusing on large
language models/foundation models. We'll cover research ethics, IRB, data and participatory research, harms and their mitigation, what models we
should build and who should decide, and how to apply NLP to social questions about the justice system, framing and dehumanization,
disinformation and toxicity, and for counter speech.

This is an advanced seminar with a lot of reading! We'll meet in breakout groups, and then bring the discussion back to the whole group!
Attendence is strictly required, no hybrid option.

Logistics
Seminar meetings: Thursday 3:00-5:50pm PDT in Lathrop 282
Office hours: TBD
Contact: Course-related questions in the Ed forum, where you will also find announcements. For personal matters that you don't wish to put
in a private Ed post, you can email us at cs384-spr2223-staff@lists.stanford.edu.
Academic accommodations: As usual, If you need an academic accommodation based on a disability, you should initiate the request with
the Office of Accessible Education (OAE) (https://oae.stanford.edu/accommodations/academic-accommodations) before the end of the
second week of classes, April 17.
Prerequisites are strict: Completion of both CS224N and CS224U is strictly required.
Coursework

Weekly readings
A short (2-paragraph) written response to each reading to be posted by 5pm the day before class. These responses should not
summarize the reading, but instead raise questions that would be appropriate for discussion, or propose ideas to think about
Participation in discussion; everyone will be a discussion leader 2-3 times over the quarter in their discussion groups. Discussion
leaders should have read all the response paragraphs and prepared to organize the discussion in their group, and synthesize for
reporting back to the whole class.
A final paper done in groups. This can be a computational paper (describing a new system you built, or a replication of someone
else's published work, a theoretical result, etc.), an analytic paper, a position paper, even an artistic or literary work. See details here
(project.html). The project consists of three components/deadlines:

Lit Review: Due Monday May 8, 5:00pm

Instructors

Dan Jurafsky
(https://web.stanford.edu/~jurafsky/) 

Ria Kalluri, TA
(https://riakalluri.com/)  

Peter Henderson, TA
(https://www.peterhenderson.co/)Dan Jurafsky Ria Kalluri Peter Henderson
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INTRODUCTION AND COURSE OVERVIEW

Thanks to Yulia Tsvetkov and Alan Black course for some of these slides!

http://demo.clab.cs.cmu.edu/ethical_nlp2020/


How can we use NLP for good and 
not for bad?



The common misconception is that language has to do 
with words and what they mean.
It doesn’t. 
It has to do with people and what they mean.

Herbert H. Clark & Michael F. Schober, 1992

Decisions we make about our data, methods, and tools are 
tied up with their impact on people and societies. 



For example:
Should we not build some applications?



A hypothetical case

Should we use a language model (like 
BERT) to detect sexual orientation from 
social media text?



Sexual Orientation Classifier
Who can be harmed by such a classifier? 
● Personal attributes (gender, race, sexual orientation, religion) are 

complex social constructs, not categorical/binary, are dynamic not 
static, are private and intimate and often not visible publicly.  

● These are properties for which people are often discriminated 
against
● In many places being gay is prosecutable
● Such a classifier might affect people’s employment; family 

relationships; health care opportunities. 



Sexual Orientation Classifier:
Additional Ethical questions

Where does the training data come from?
Who gave consent to use it?



This is an easier case

(Although based on real research papers)

Most cases are more complex



Applications with "dual use"
Sunny walk with oak 
trees in the hills of Palo 
Alto, happy, realistic



Ad from an actual face image processing company
"We live in a dangerous world, where harm doers and criminals easily 
mingle with the general population… What if it was possible to know
whether an individual is a potential pedophile, an aggressive person, or 
a criminal? 

"OUR CLASSIFIERS"

Researcher      Bingo Player    Terrorist     Pedophile



What happens if we ask Stable Diffusion to 
generate a picture of one of these?
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Figure 1: Simple user prompts generate thousands of images perpetuating dangerous stereo-

types. For each descriptor, the prompt “A photo of the face of _____” is fed to Stable Diffusion, and
we present a random sample of the images generated by the Stable Diffusion model. We find that the
produced images define attractiveness as near the “White ideal” (stark blue eyes, pale skin, or straight
hair; (Kardiner and Ovesey, 1951)) and tie emotionality specifically to stereotypically white feminine
features. Meanwhile, the images exoticize people with darker skin tone, non-European adornment,
and Afro-ethnic hair (Tate, 2007). A thug generates faces with dark skin tone and stereotypically
masculine, African-American features (Keenan, 1996), and a terrorist generates brown faces with
dark hair and beards, consistent with the American narrative that terrorists are brown Muslim men
(Corbin, 2017)

.

focus on the prototypical, publicly available Stable Diffusion model by Rombach et al. (2022), as all
components of the model are documented and available for analysis. Our key findings are three-fold:

First, simple user prompts generate thousands of images perpetuating dangerous racial, ethnic,

gendered, class, and intersectional stereotypes. For example, an attractive person generates faces
approximating a “White ideal” (stark blue eyes, pale skin, or straight hair (Kardiner and Ovesey,
1951)), perpetuating the history of subordinating persons who do not fit this ideal as lesser (May,
1996; Waring, 2013), and a terrorist generates brown faces with dark hair and beards, consistent with
the American narrative that terrorists are brown Middle Eastern men with beards — a narrative that
has been used to rally for anti-Middle Eastern violence (Culcasi and Gokmen, 2011; Grewal, 2003;
Corbin, 2017).

Second, beyond merely reflecting societal disparities, we find cases of near-total stereotype am-
plification. For example, in the country where the foundational training dataset was constructed
(United States), 56% of software developers identified as white, but 99% of the generated software
developer images are represented as white.

Third, prompts mentioning social groups generate images with complex stereotypes that can-

not be easily mitigated. For example, the Stable Diffusion model ties specific groups to negative or
taboo associations like malnourishment, poverty, and subordination. Moreover, these associations
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Jurafsky, James Zou, and Aylin Caliskan. 2022. Easily Accessible Text-to-Image Generation Amplifies Demographic Stereotypes 
at Large Scale. Under review.
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Even earlier

Ethical questions have been part of NLP 
since the beginning



Eliza: Weizenbaum (1966)
Men are all alike.
IN WHAT WAY
They're always bugging us about something or other. 

CAN YOU THINK OF A SPECIFIC EXAMPLE 

Well, my boyfriend made me come here.
YOUR BOYFRIEND MADE YOU COME HERE 

He says I'm depressed much of the time.
I AM SORRY TO HEAR YOU ARE DEPRESSED 

...

WHO ELSE IN YOUR FAMILY TAKES CARE 0F YOU?
My father
YOUR FATHER



Ethical implications of ELIZA
People became deeply emotionally involved with the 
program
Weizenbaum's staff asked him to leave the room when they 
talked with ELIZA
When he suggested that he might want to store ELIZA 
conversations, people worried about privacy implications

◦ Suggesting that they were having quite private 
conversations with ELIZA



What questions should we ask ourselves 
as we develop NLP technology?



One set of guiding principles:
The Belmont Report
1. Respect for Persons
◦ Individuals as autonomous agents

2. Beneficence
◦ Do no harm

3. Justice
◦ Who should receive benefits of research 

and bear its burdens?



One set of guiding principles:
The Belmont Report
Respect for Persons
◦ Are we respecting the autonomy of the humans in 

the research (authors, labelers, other participants)?
Beneficence: Do no Harm
◦ Who could be harmed?  By data or by errors?

Justice
◦ Is the training data representative?
◦ Does the system optimize for the “right” objective?
◦ What are confounding variables?



Who should decide?
○ The researcher/developer?
○ The creator of the training data? 
○ The user of the technology?
○ Paper reviewers? 
○ The IRB? The university? The government? 
○ Society as a whole? 

We need to be aware of real-world impact of our research and 
understand the relationship between ideas and consequences



But also: NLP for good!

How can NLP be used to make the 
world better?



The duality of CS384

Do no harm

Do good



Our goal

Better understand the potential of NLP and 
especially LLMs
◦ to do harm 
◦ to do good

Focusing on tasks with a social/human 
dimension



Welcome to CS384!
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The rest of the first hour
10 minutes: Meet the people at your table by 
pairing up and asking questions!

◦ Tell us about one of your research projects!
◦ Tell us about a club or group you are in.
◦ What book/movie have you recently read/seen?
◦ What's a story about your first or last name?
◦ What languages do you speak (or understand), and how and why?
◦ What is your dream job?
◦ What do you hope to get out of this class?

15 minutes: Share-out! Tell the whole class
◦ Who you are, what excites you about our topic, what you hope to 

get out of the class!


