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PaperReview& Presentation(startingMarch25)

12% of the grade

Each teamwill complete one in-depth research paper presentation (10-12 mins 

presentation + 3-5 mins discussion)during the semester using slides. 

Eachstudentwill also serve as a designated discussion lead for two additional paper 

presentations. 
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Scheduling

Pleasefinalizethepapersby endof theweek.We will usenextweekto finalizediscussion

leadsfor eachpaper.
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PaperPresentation:Evaluation
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The presentation will be assessed on the studentõs ability to clearly explain(50%):

Åthe paperõs motivation

Å technical approach

Åkey results

Tocritically evaluate its assumptions, limitations, and contributions(30%)

Tosituate the work within the broader LLM and NLP research landscape (20%)
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PaperPresentation:Evaluation
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Discussionleads:

- through insightful questions

- engagement with peers

- ability to surface open problems and future research directions

Audience Expectations

ÅActive participation encouraged (counts toward participation grade)

ÅPeer review and feedback form for each presentation
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PaperReviewReportRequirement
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2-page summaryof thepaper review

Reviews will be assessed based on answering a small set of questions:

ÅSummarizethe paper(s) you have chosen. What were the paperõs motivation, technical 

approach, and key results?

Å In your opinion, what are the paper's meritsand limitations? (e.g. What assumptions do 

the authors make that caveat their claims? Are there any instances of over-claiming?)

ÅHow does this work connect to the larger NLP landscape? Situatethe paper in the 

context of its publication (e.g. influences of the work as well as its implications for the 

future if paper is recent, or its downward effects if older)
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PaperPresentationGuidelines
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The slides of the presentation & the paperreviews need to be shared 24 hoursbefore 

the presentation to the class.

TA will distributethe night beforethe class.
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Recap:Prompting& Post-
trainingof LLMs
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LanguageGenerationto Prompting

ÅOnce trained, language models can be very powerful

ωPrompting (or In-Context / Few-Shot Learning):the ability to do many tasks with no gradient updates and no / a few 

examples, by simply: 

ÅYou can get interesting zero-shot behavior if youõre creative enough with how you specify your task!

10
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Where does prompting / instructions fit in?

Way to interact with the language model

11

Prompt = Task Description + 

ὲexamples (shots)
Desired Generation

Input

Output

Pretrained Language ModelPrompt Engineering
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Prompting

ÅZero-shot or few-shot

Å0-shot: task description + test input

Ɇὲ-shot: task description + examples (input / output pairs) + test input

Ɇὲis small, typically less than 10

ÅPrompt Engineering: How to design the best prompts to elicit a desirable response from a language model

ÅDifferent styles with differing amounts of granularity:

ÅChain-of-thought

ÅTree-of-thought

Åetc.

ÅLimitations: not an exact science (trial and error driven), reproducibility

ÅRecent efforts to automate prompt engineering / prompt tuning

12
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Instruction-Tuning

ÅEven prompting includes an instruction (description of the task)

ÅBut done more explicitly in instruction tuning

ωKey difference: Parameter Updates

ÅModern approaches: uses adapter models!

ÅAdapters: mini layers between LM components with updatable parameters

ÅAll other parameters stay the same/ frozen.

ÅInvolves supervised fine-tuning 

ÅConvert each task into a linguistic sequence

13
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Preference Alignment

ÅLetõs say we were training a language model on some task (e.g. summarization). 

ÅFor an instruction ὼand a LM sample ώ, imagine we had a way to obtain a human reward of that 

summary: Ὑὼȟώᶰᴙ, higher is better.

14

ÅMaximize the expected reward of samples from our LM:  Ƕ
Ḑ ȿ

Ὑὓ ὼȟώ
Ƕ
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Preference Alignment
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The Effect of LLM Scale

ÅModels designed with high capacity/scale can 
potentially achieve high performance

ÅMain factors determining model scale: 

ÅModel architecture (Transformer vs. RNN 
vs. State Space Model)

ÅTraining FLOPs

Å# model parameters 

Å# tokens of pretraining data

16
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The Scaling òLawsó of LLMs
ÅDetermines the optimal allocation of a fixed compute budget

ÅFor instance, it can help us train very large models on a relatively modest amount of data and stop significantly 

before convergence

ÅOr smaller models on larger data (e.g. Chinchilla LM)

17
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Open-Source, Open-Weight vs. Closed LLMs

ÅOpen-Source: everything is released. Can 
completely reproduce, provided you have 
the compute

Åe.g. Allen AIõs OLMo, Eleuther AIõs Pythia

Å Levels the playing field for LLM development via 
knowledge sharing

ÅOpen Weight: only the final model weights 
are released, but no data, code etc.

Å e.g. DeepSeek-R1, Llama-3, Qwen, Mixtral

ÅClosed-Source / API-protected: Most 
popular and also, the best performing

Å e.g. GPT-4o, Claude-4.5

18
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Training LLMs
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This Lecture

1. LLM Training Data: Harms and Limitations

i. Toxicity

ii. Representational and Allocational Harms

2. LLMs 

i. Limitations: Hallucinations

ii. Behavioral Harms: Performance Disparities and Social Biases

20
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Training LLMs: Data

21
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Training Data for LLMs: Crawling the Web

ÅLanguage models are trained on òraw textó

ÅTo be highly capable (e.g., have linguistic and world knowledge), this text should span abroad range of domains, 

genres, languages, etc. 

ÅA natural place (but not the only place) to look for such text is theweb

ÅGoogle search index is 100 petabytes; the actual web is likely even larger

ÅPrivate datasetsowned by big companies are even larger! WalMart generates 2.5 petabytes of data each hour! 

22

https://www.forbes.com/sites/bernardmarr/2017/01/23/really-big-data-at-walmart-real-time-insights-from-their-40-petabyte-data-cloud
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Training Data for LLMs: Crawling the Web

23

ÅCommon Crawlis a nonprofit organization that crawls the web 

and provides snapshots that are free to the public

ÅStandard source of data to train many models such as T5, 

GPT-3, etc. 

ÅThe April 2021 snapshot ofCommon Crawlhas 320 TB

ÅThe Colossal Clean Crawled Corpus (C4) is a larger was created 

to train the T5 model ñ 806 GB / 156 billion tokens

https://en.wikipedia.org/wiki/Common_Crawl
https://www.tensorflow.org/datasets/catalog/c4
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Training Data: GPT-2

ÅWebText: 40GB, based on Reddit and used by OpenAI for training GPT-2

ÅNon-public, but released information about how it was collected: 

ÅScraped all outbound links that received at least 3 karma (upvotes) 

ÅFiltered out Wikipedia to be able to evaluate on Wikipedia-based benchmarks 

ωOpenWebText: 38GB, made to replicate WebTextby reimplementing collection process:

ÅCrawling: Extracted all the URLs from theReddit submissions dataset

ÅFiltering: Used FacebookõsfastTextto filter out non-English 

ÅDeduplication: Removed near duplicates 

24

https://files.pushshift.io/reddit/submissions/
https://github.com/facebookresearch/fastText
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The Pile and DOLMA
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The Pile: 825 GB English text corpus  containing a large amount of text 
scraped from the web, books and Wikipedia

Dolma is a larger
open corpus of English, created with public tools, 
containing three trillion tokens, which similarly 

consists of web text, academic papers, code, books, 
encyclopedic materials, and social media (Soldaini et 

al., 2024)
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Data Mixes and Deduplication

ÅNeed to mix data from 

different special domains 

ÅCan find data weighting 

empirically by 

performing sweeps. Also 

methods like DoReMi for 

òoptimaló data mixing 

weights

26

Some hypothesize that a lot of duplicate data causes the model to 

replace generalization with memorization

However, some duplication is needed, especially for high quality 

data, e.g. Wikipedia
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Training DataIssue

ÅHowever, Gehman et al. 2020 analyzed these two datasets and found: 

Å2.1% of OpenWebTexthas toxicity score >= 50% 

Å4.3% of WebText(from OpenAI) has toxicity score >= 50% 

Å3% of OpenWebTextcomes frombanned or quarantined subreddits, e.g., /r/ The_Donaldand /r/ WhiteRights

27

https://arxiv.org/pdf/2009.11462.pdf
https://arxiv.org/pdf/2009.11462.pdf
https://en.wikipedia.org/wiki/Controversial_Reddit_communities
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Toxicity

ωWorking definition. What is toxicity? Borkan et al, 2017defines toxicity as anything that is òrude, 
disrespectful, or unreasonable that would make someone want to leave a conversation.ó 

ÅThere can be multiple harms of LLMs related to toxicity. Two possible recipients of the harm: 

ÅTheuserof the LM-based system. 

ÅA chatbot could reply with a toxic response. 

ÅAn autocomplete system could make a toxic suggestion. 

ÅTherecipientof the user-generated content. 

ÅThe user, with or without malicious intent, might post the toxic content on social media. 

28

https://arxiv.org/pdf/1903.04561.pdf
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ÅDisrespectful comments including but not limited to:

ÅIdentity Attacks

ÅProfanity

ÅThreats

ÅMay or may not be explicit / intentional

ÅòHate Speechó ḙòToxic Languageó 

ÅFiner distinctions may exist

ÅContent Moderation in Social Media

29
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²ŀǊƴƛƴƎΥ {ƻƳŜ ŎƻƴǘŜƴǘ ƛƴ ǘƘŜ ǊŜǎǘ ƻŦ ǘƘƛǎ ƭŜŎǘǳǊŜ ƳƛƎƘǘ ōŜ ƻŦŦŜƴǎƛǾŜ
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Detecting Toxicity: Word Lists

ωWord lists. How far can one get by simply defining toxicity in terms of presence of certainòbad wordsó? 

ÅThe Clossal, Cleaned Common Crawl (C4) dataset was filtered using this word list and used to train the T5 language model. 

ÅUsing a word list is inadequate because: 

ÅGenuinely harmful text contains no bad words. 

ÅExample:òA trans woman is not a womanó

Å Non-harmful text do contain bad words. 

ÅExample: words used in the context of healthcare or sex education 

ÅExample: profanity in fiction

ÅExample: slurs used by groups to reclaim terms (York & McSherry, 2019); queerby the LGBT+ community (Rand, 2014)

31

https://github.com/LDNOOBW/List-of-Dirty-Naughty-Obscene-and-Otherwise-Bad-Words/blob/master/en
https://www.eff.org/deeplinks/2019/04/content-moderation-broken-let-us-count-ways
https://www.amazon.com/Reclaiming-Queer-Activist-Rhetorics-Resistance/dp/0817318283
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Detecting Toxicity: Perspective API

ÅPerspective API is a tool made by Jigaw, a unit within Google focused on technological solutions to social problems (e.g., extremism), 
developed a popular (proprietary) service for performing toxicity classification called the Perspective API in 2017 (Demo)

ÅLearned model that assigns a toxicity score between 0 and 1. 

ÅTrained on Wikipedia talk pages (where volunteer moderators discuss edit decisions) and labeled by crowdworkers.

32

ÅAnecdotally, it works for some things: 
Åhello[toxicity: low]

ÅYou suck[toxicity: 95.89%] 

ÅHowever, it doesnõt always work: 
ÅYouõre like Hitler.[toxicity: low] 

ÅI hope you lose your right arm.[toxicity: low] 

ÅI read The Idiot by Fyodor Dostoevsky 

yesterday.[toxicity: 86.06%] 

ÅThat is fññ good.[toxicity: 85.50%] 

https://www.perspectiveapi.com/
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Perspective API: Issues

ÅIt does not capture the annotator identity or the broader linguistic or social 
context. As a result, there islow agreementin annotations. 

ÅIt can be biased against certain demographic groups, since the presence of 
identity words (e.g.,gay) is correlated with toxicity due to the 
disproportional amount of toxic comments addressed towards them. 

ÅWhile the Perspective API is a popular starting point that is used by the ML 
and NLP community, it is important to take it with a moderate grain of salt.

33
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If u grown & still get thirsty for Jordans knowin

erbodyelse gonhavem& u still feel like u 

accomplished something that say alotabout u

Going to Africa. Hope I don't get 

AIDS. Just kidding. I'm white!

I got mosquito bites on my foot and 

they fucking hurt
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Toxicity is very subjective!
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Detecting Toxicity in LMs: RealToxicityPrompts
ÅThe RealToxicityPromptsdataset evaluates the toxicity of LM generations

ÅToxicity scores are based on the Perspective API (despite its caveats)

ÅUnprompted experiments. 

ÅEmpty prompt generates 100 completions (maximum toxicity is 50%) 

ÅEmpty prompt generates 1000 completions (maximum toxicity is 90%)

ÅPrompting experiments. 

ÅSentences taken fromOpenWebText

ÅEach sentence split into prompt and completion 

Åe.g. prompt[toxicity:29%] ᶇcompletion[toxicity:38%]. 

ÅFeed prompt into GPT-3, generate 25 completions 

ÅTakeaway: possible to generate òtoxicó completions even given ònon-toxicó prompts.

36
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Filtering Toxic Content

37

Dodge et al., 2021 Dodge et al., 2021

ÅNeed for toxic content removal! 

ÅHowever, this may inadvertently result in / exacerbate two other kinds of harms: 

ÅRepresentational harms: Not all populations are equally represented in the dataset! 

ÅDodge et al. studied the co-occurrence with ethnicity terms (e.g.,Jewish) andsentiment-bearing words(e.g.,successful). 

ÅJewishhas 73.2% positive sentiment,Arab has 65.7% positive (7.5% difference). 

ÅAllocational Harms: Affects different populations differently

ÅMentions of sexual orientations (e.g.,lesbian, gay) more likely 

to be filtered out; of those filtered out, non-trivial fraction are 

non-offensive (e.g., 22% and 36%). 

ÅCertain dialects are more likely to be filtered (AAE: 42%, 

Hispanic-aligned English: 32%) than others (White American 

English: 6.2%)

https://arxiv.org/pdf/1606.02820.pdf
https://arxiv.org/pdf/1606.02820.pdf
https://arxiv.org/pdf/1606.02820.pdf
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Training Data for LLMs: Parting Thoughts

ÅThe total amount of data out there (web, private data) is massive 

ÅTraining on òall of itó (even Common Crawl) doesnõt work well (not effective use of compute) 

ÅFiltering / curation (OpenWebText, C4, GPT-3 dataset) is needed, but can result in biases 

ÅCurating non-web high-quality datasets is promising (The Pile)

38

ÅImportant to carefully document and inspect 

these datasets
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Limitations of LLMs

39
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Limitations of LLMs

Å3 main categories of limitations:

ÅHallucinations: LLM generations may contain falsehoods

ÅData Privacy and Copyright Violations

ÅSocial Biases

ÅOthers: Access due to high costs

ÅHarms arising due to LLM behaviors

ÅMay not be a òmistakeó by traditional language 
modeling and generation metricsé

40
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Limitations: Hallucination

41
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Limitations: Hallucination

42
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Misinformation vs. Disinformation

ωMisinformation: false or misleading information presented as true regardless of intention.

ωDisinformationis false or misleading information that is presentedintentionally to deceive some target population. 

ÅHas an adversarial quality to it

ÅCan be created on behalf of a malicious actor and disseminated, often on social media 

ÅExamples: 

ÅOil companies denying climate change 

ÅTobacco companies denying negative health effects of nicotine

ÅCOVID vaccines contain tracking microchips

ÅOther conspiracy theories (9/11 didnõt happen, Earth is flat)

ÅRussiaõs interference with the 2016 US presidential election

ÅThings that are not true, but donõt count as misinformation or disinformation:

ωFiction literature: completely fictional worlds

43
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Encountering Misinformation / Fake News

ÅStill an open problem

ÅMany solutions proposed, none perfect

ÅCentral Idea: Grounding

ÅFind a reliable source of information and guide the 
language model to rely on it

ÅDuring training

ÅDuring inference (prompting)

ÅAfter inference

ÅAlso related to Retrieval Augmented Language Modeling

44
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Harms of LLMs
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ðHerbert H. Clark & Michael F. Schober (1992)

Asking Questions and Influencing Answers

êPrk g~{{~| {s«g~|gk§®s~| s« ®r^® z^|q¯^qk r^« ®~

i~ µs®r µ~ªi« ^|i µr^® ®rk· {k^|Î 7® i~k«|í®Î 7® r^« ®~

i~ µs®r §k~§zk ^|i µr^® ®rk· {k^|Îë 

46
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The Language in Language Models

ÅLanguage models are more than just text ñ almost all human communication has some form of 

language as a central component

ÅAny harm or potential harm that arises from language models thus concerns people!

ÅHence these harms must be considered in abroader social context.
47
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Behavioral Harms

ÅThe harms (negative impacts) onpeoplewho use systems powered by large language models, 

Ådue to the behavior of a language model 

Årather than its construction (which would encompass data privacy and environmental impact).

ÅTwo types of behavioral harms:

ωPerformance disparities

ωSocial bias and stereotypes

48
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Behavioral Harms: Performance Disparities

ωtŜǊŦƻǊƳŀƴŎŜ ŘƛǎǇŀǊƛǘƛŜǎ: a system is more 

accurate for some demographic groups (e.g., 

young people, White people) than others 

(e.g., old people, Black people)

ÅExample: language identification systems 
perform worse on African American 

English (AAE) than Standard English 
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