
Case Study:  
Large Language Models

Class 23

CMPU 100 · Programming with Data



For your preregistration consideration: 

	 CMPU 250 Data and Its Discontents 

	 CMPU 101 Problem-Solving and Abstraction



In this class, we’ve been building the skills to 
download data from anywhere, load it into a 
notebook, analyze it, and make predictions.
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Background: Ethical frameworks



Two ethical frameworks to consider: 

Consequentialism	 focus on the ends 

Deontology	 focus on the means



Consequentialism

Jeremy Bentham John Stuart Mill

Balance sheet

Harms Benefits

⋯ ⋯

⋯ ⋯

⋯ ⋯

⋯ ⋯



Deontology

Focus on ethical duties 
(rules), independent of 
their consequences

Immanuel Kant



Example: Informed consent

Salganik, Bit by Bit: Social Research in the Digital Age, 2017

https://www.bitbybitbook.com/en/1st-ed/ethics/frameworks/


Example: Informed consent

Consequentialism
It helps to prevent harm to participants 
by prohibiting research that does not 
properly balance risk and anticipated 
benefit.

In other words, consequentialist thinking 
would support informed consent 
because it helps prevent bad outcomes 
for participants.
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Example: Informed consent

Consequentialism
It helps to prevent harm to participants 
by prohibiting research that does not 
properly balance risk and anticipated 
benefit.

In other words, consequentialist thinking 
would support informed consent 
because it helps prevent bad outcomes 
for participants.

Deontology
A researcher has a duty to respect the 
autonomy of  her participants.

A pure consequentialist might be wiling 
to waive the requirement for informed 
consent in a setting where there was no 
risk, whereas a pure deontologist might 
not.

Salganik, Bit by Bit: Social Research in the Digital Age, 2017

https://www.bitbybitbook.com/en/1st-ed/ethics/frameworks/


Frameworks taken to the extremes



Frameworks taken to the extremes

Extreme consequentialism
Consequentialist doctor kills one patient 
and harvests their organs to prolong the 
lives of four other patients



Frameworks taken to the extremes

Extreme consequentialism
Consequentialist doctor kills one patient 
and harvests their organs to prolong the 
lives of four other patients

Extreme deontology
A police officer captures a terrorist who 
knows the location of a bomb that will 
kill millions of people, but, being a 
deontologist, will not lie in order to trick 
the terrorist into revealing the bomb’s 
location.



Background: Dual-use technology



“Your scientists were so preoccupied with whether or not 
they could that they didn’t stop to think if they should.”

https://www.youtube.com/watch?v=4PLvdmifDSk


Dual use: the same technology can be used for 
societal benefit – or for harm.



Example: Nuclear technology

Clean energy Weapons



Example: Chemical isolation

Ammonia Chlorine



Example: Chemical isolation

Ammonia Chlorine



Ethical challenge: The researcher may intend no 
harm – only good – but they must consider the 
potential actions of others with the same 
technology.



Can you think of other concrete examples of 
research or technology with dual-use concerns?



The path to large language models





Predicting the next word is a multi-class classification 
problem (i.e., one where you have more than just 
two labels). 

Each word (token) is a label. 



Training a classifier

Attributes of an 
example
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Training a classifier

Attributes of an 
example

Predicted label of 
the example

Classifier

Population Sample Labels

Training set

Test set

Model the association 
between attributes & labels

Estimate the accuracy of the 
classifier



Notebook: Text generation with 
simulation (last class)



Preview: Assignment 9



Case study: Large language models
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⋯ ⋯



User’s 
Prompt

Generated 
Text

Previous Words

Recite Asimov's first law .

A robot must not

Recite Asimov's first law . A robot must

Next Prediction

not 0.81

fulfill 0.13

adhere 0.02

⋯ ⋯

sample

P(next word | previous words) 

Where does this come from?
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The python slithered silently 
through the jungle underbrush
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Data 
from the Internet

Optimize 
P(next word | previous words)

Gradient descent on non-linear 
function with billions of parameters

Loss function: Increases if incorrect 
prediction for a masked word

Sum for billions of masked words

We use python to analyze our 
data and make visualizations 

The python slithered silently 
through the jungle underbrush

Data 
Humans rank multiple outputs

How do I…?

Version 1

Version 2 2 > 1



We train ChatGPT too!



Think–pair–share

Societal Benefits Societal Harms

Save time on mundane tasks Replace human jobs with AI

⋯ ⋯

⋯ ⋯

⋯ ⋯



Think–pair–share

Higher Ed. Benefits Higher Ed. Harms

⋯ ⋯

⋯ ⋯

⋯ ⋯

⋯ ⋯



Think–pair–share

What are personal or collective actions you can take 
to support ethical use of data science and 
technologies using data?



You can advocate for regulation 
by the government. 

Large AI companies must report LLM tests 
to the federal government and make them 
public.



You can advocate for regulation 
by the government. 

EU AI Act: rules for AI transparency, limit 
copyright violations, and protect public 
safety.



Refusal by technologists 
About 4,000 Google employees signed a 
petition demanding “a clear policy stating 
that neither Google nor its contractors 
will ever build warfare technology”.



Protests leading to moratoriums



Legislation and enforcement 
Google pays almost $400 million to states 
after they get caught tracking users’ 
location data even after the users turned 
off location tracking.



Legislation and enforcement 
Anthropic pays $1.5 billion to compensate 
copyright holders of training data



Educate others and raise 
awareness
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