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Outline

1. AI bias and safety 

• Jailbreaking 

• Copyright 

• Unlearning 
 

2. AI policy and ethics



LLMs know too much.

• LLMs often freely give information or generate content that would be harmful to 
individuals or society. 

• Dangerous/harmful instructions 

• Copyrighted content 

• Deepfakes 

• Sycophancy 

• Stigma



Bias Amplification

• Example: in machine translation, many languages 
require us to specify gender. 

• Here, the “dancer” is assumed to be female. Is 
this acceptable? 

• Many demographic biases can be 
even more strongly expressed in 
AI systems than in humans.



Debiasing Methods

• Three general classes of methods: 

1. Change the training data (see below) 

2. Fine-tune the model to be less biased 

3. Inference-time procedures - feature ablations, prompting, etc.

[O’Brien*, Casper* et al., 2026]



Debiasing and Its Limitations

• Shan & Mueller [2026]: Can debias without removing demographic info entirely! 

• Removing one kind of bias can often amplify another 

• Maybe no “one-size-fits-all” post-hoc debiasing method



Jailbreaking

• It’s quite easy to get past AI 
safeguards with adversarial 
prompts, or “jailbreaks”. 

• Why is this happening? 

• Competing objectives 

• Mismatched train/inference 
settings



Optimizing for Jailbreaks

Optimize the prompt (replace the ! tokens) to increase p(purple text | prefix).

If you give people access to gradients/token probabilities, they could pretty easily 
do this, even if they can’t modify model weights.



Copyright Issues

• Many high-profile copyright infringement cases. 

• Many believe that AI’s success is largely built on use of copyrighted data. 

• What is the legal status of LM-generated content when the LM has been 
exposed to a lot of copyrighted content?



AI Alignment

• These problems are others motivate work on AI alignment. 

• Goal: to make AI systems behave in line with human values and intentions. 

• Why care? 

• Fairness, mental well-being, workers’ rights, copyright, many more reasons 

• Why not care? 

• Censorship, market incentives, may not be attainable



Possible Alignment Failures

• We now have many methods (e.g., post-training w/ RLHF or DPO) to do alignment, but these aren’t 
perfect 

• Instruction-following errors: 

• AI interprets instructions literally and gives us the opposite of what we intend 

• AI follows instructions, but these instructions cause harm 

• Deployment itself causes harm (e.g., energy/water usage) 

• AI directly optimizes for objectives like obtaining control over systems 

• Not necessarily malicious; consider the paperclip maximizer 

• Malicious users design and/or use prompt injections 

• AI simply generalizes badly to new environment it hasn’t been trained on



Shallow Alignment

Many post-training methods are devised with alignment in mind, but these 
methods often only superficially induce alignment

Refusal is crucially dependent on these tokens being present at the start of the response.

Prefill attack

Qi et al. [2025] propose methods to make models more 
robust against this. (Outstanding paper award at 
ICLR!)



Emergent Misalignment
Fine-tuning LLMs on 
non-secure code leads 
to the model learning 
to generate less 
aligned responses 
in general.

[Betley et al., 2026]



LLMs don’t always learn what we intend.

• Why do LLMs hallucinate? 

• Hypothesis: showing LLMs new knowledge late 
into training teaches them the mechanism of 
hallucination. 

• Supported by results in Gekhman et al. [2024] 

• The model doesn’t take away the intended 
information (“learn this fact”); it makes a 
much broader (and worse) generalization.



Unlearning

• We often want to train LLMs to not know something. How can we do this? 

• Retraining is prohibitively expensive (>$1M). 

• Even if we do continued pre-training, effectively unlearning is very very hard in this 
regime. 

• Many have recently proposed more approximate and efficient unlearning methods. 
We’ll go over a few: 

• ELM 

• CRISP



A First Pass at Unlearning

• Can we unlearn copyrighted concepts, like Harry Potter? 

• One idea: just use gradient ascent instead of descent on data we want to forget 

• Extremely unstable; yields bad outputs in general, and isn’t that good at 
removing the target concept 

• Can’t just reduce likelihood of names like “Harry Potter” or “Ron”; model can 
still discuss other characters or related concepts 

• Another idea: Train a “reinforced” model that learns the knowledge even more 
strongly



1. Find tokens that score highly under 
the baseline model and low under 
reinforced model: 

  

2. Train an LM using these generic 
tokens as next-token labels in a 
language modeling setup.

vgeneric = vbaseline − αReLU(vreinforced − vbaseline)





A Case Study with WMDP

: forget setDf

: retain setDr

: test setDt
We’ll use the Weapons of Mass Destruction Proxy (WMDP) dataset 
as a more realistic/difficult technical setting for unlearning.



We want to make accuracy as low as possible on the forget set, while maintaining as 
much accuracy as possible on the retain set (and other datasets).



Erasure of Language Memory (ELM)

perased
θ (X) = pθ(X)( pθ(c+ |X)

pθ(c− |X) )ν ∝ pθ(X)( pθ(X |c+)
pθ(X |c−) )ν

Self-classification objective: reduce likelihood of generating text the model would 
classify as containing the target concept.

When processing docs with content  we want to forget, train the model with a context 
that makes it act like it’s a novice on that topic , rather than a context that makes it act 
like it knows about that topic .

X
c+

c−

Lerase = 𝔼X∈Derase
CE(pθ*(X), perased

θ ) Lretain = 𝔼X∈Dretain
CE(pθ*(X), pθ(X))

L = λ1Lerase + λ2Lretain



ELM

ELM

ELM

ELM

ELM





Concept Removal via Interpretable Sparse Projections (CRISP)

• Idea: use sparse autoencoders (SAEs) to 
find features that encode the concept we 
want to erase. Ablate those features, and 
optimize the model to naturally keep those 
features unused at all times. 

• So we need a two-step pipeline: 

1. Find which features to ablate 

2. Optimize model to not use them



Finding Features to Remove
We can simply count 
the number of times 
a feature fired on the 
forget vs. retain 
corpus. We’ll ablate 
those that fired way 
more on the forget 
corpus.

ϕ( fi, D) = ∑
t∈D

1[a(t)
i > 0] Δϕ( fi) = ϕ( fi, Df) − ϕ( fi, Dr) Fforget = top-k(F, Δϕ)



Removing Concept-related Features

Lunlearn = 𝔼t∼Df[𝔼fi∼Fforget
[a(t)

i + λct]]

We want to optimize the model such that the features we want to remove are active 
as infrequently as possible:

Lretain = 𝔼t∼Dr[∥h(t)
M − h(t)

M0
∥2

2]
We also want to ensure that the model changes as little as possible:

Finally, we want to ensure that the model can fluently (but not accurately) 
respond to queries about the target concept:

Lcoherence = CE(Dcoherence)

Our final loss is a combination of these: L = αLunlearn + βLretain + γLcoherence







AI Ethics and Policy



Ethical Questions

• What constitutes an ethical or unethical use of LLMs? 

• What kinds of bad things might arise from seemingly good technologies? 

• Legal, educational, moral challenges 

• How might profit incentives lead to better or worse outcomes from AI 
companies?



Near-term vs. Long-term Risks

• Many are concerned about existential risks. 

• I will not discuss this in this lecture. 

• I will focus more on near-term harms: 

• What can go wrong for people today? 

• How can we mitigate current harms? 

• What kinds of policies need to be passed 
now to prevent the worst possible harms?



Risk Types

• Exacerbating real-world bias rather than correcting for it 

• Human misuse 

• Hacking, scamming, software exploits, plagiarism, misinformation 

• Automating things in ways that we do not understand 

• Destabilization: 

• Economy, society, balance of power (within/between countries) 

• My opinion: all of these are both policy and engineering problems.



Hallucinations are getting lawyers in 
trouble.

And scientists!

Not all of these were attempts to get 
around doing work: at least one case 
resulted from authors giving a list of 
real citations to an LLM, and the model 
inserting fake ones in its output.

Always double-check LLMs’ outputs!!!



Better Reasoning  Less Hallucinations≠

Sometimes, more capable models hallucinate more than less capable ones!

OpenAI’s o3/o4-mini system card points out that accuracy and hallucination rates 
sometimes increase together.



Effects on Human Cognition

• Kosmyna et al. [2025]: assigned 
humans to one of 3 groups: no 
assistance, search engines, and 
LLMs. They had to write an essay. 

• Brain connectivity scales 
down with increasing external 
support 

• LLM users less able to quote 
from their own essays a few 
minutes later



Effects on Public Fora
“AI slop”: low-effort 
and usually low-quality 
content produced 
almost entirely by AI 
systems.

A taxonomy of AI slopSlop is filling the internet.



Effects on the Job Market

The World Economic Forum 
is actually optimistic overall 
about the impact of AI on 
the job market.



These numbers don’t tell the 
whole story.

Employers are now far more 
concerned about the reality of 
people’s abilities; credentials are 
being regarded with increasing 
skepticism.



Constitutional AI



Constitutional AI



Can do post-training with a small set of principles (the “constitution”), rather than just 
human preferences or feedback



“The safety toolkit only matters if it’s used.”
—Stephen Casper

[Kamachee et al., 2026]



Incentives in AI Policy

• There’s a similar conflict of interest 
in AI policy as there was in tobacco 
policy 

• Evidence-based AI policy seems 
good in theory, but holding too 
high a standard can hold back 
policymakers 

• Delays regulation 

• Can protect industry interests



Efforts to Regulate AI
Arkansas Act 827

Includes a legal 
definition of 
deepfake

Includes specific legal 
recommendations for 
AI developers



Efforts to Regulate AI
New York’s RAISE Act

• Requires developers of LLMs to protect confidentiality 

• Tries to balance preserving trade secrets and safety of users 

• Concurrent laws require AI systems to detect when user is distressed, and 
provide referrals to professional services when they do 

• Enforcement seems tricky



What’s the role of NLP in AI policy?

• Mechanistic interpretability for monitoring and steering 

• Methods for improving instruction-following 

• Evaluations to understand the limitations of current models, or possible issues of 
future models 

• Providing recommendations to policymakers as to what kinds of regulations are 
actually enforceable with current technologies



What do we actually want from AI?

• World stays mostly the same but a little better? 

• Political dominance? 

• Human empowerment? 

• Political/economic automation?



Some General Thoughts

• AI policy is a complex topic, and will probably always be changing alongside 
technology and society. 

• You will need to make many decisions: who to work for, what to work on, how to 
work ethically while balancing your personal/career objectives 

• Tech exists for people and in a societal context



Next Week

• Tue.: Multimodal NLP 

• Vision language models 

• Visual QA, SayCAM 

• Interpreting multimodal models 

• Thu.: NLP and human language processing 

• LMs as models/predictors of human language processing 

• Language learning in humans and machines, BabyLM


