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Heads up

e Peerfeedback due this Friday, Feb 7
o Instructions on Ed
e We'll start with the reading discussion next Monday - Scott will join at 3:30pm

e Experimental protocol due Feb 17
e Audience design: keep in mind that the audience for your pitch are teachers!
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Today’s class

e Quick share-out on focusing question activity

e ~15minute lecture on LLM bias/fairness &
simulations

e Group discussion

e Readingdiscussion on He-Yueya et al. (2024)
by Gordon, Josh and Yijia




ow are LLMs used as simulators in education?

Teachers Students Classrooms Student
populations
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Abstract populations, such as students suffering from mental barriers
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What approaches are used for simulation?

e Persona-based prompting (e.g., He-Yueya et el., 2024)
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|
: Pretend that you are an 11-year-old student.
I Your gender is female. You are eligible for free
| school meals due to being financially
: disadvantaged.
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What approaches are used for simulation?

e Persona-based prompting (e.g., He-Yueya et el., 2024)
e Knowledge profile based prompting (e.g., Lu & Wang, 2024)
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What approaches are used for simulation?

e Persona-based prompting (e.g., He-Yueya et el., 2024)
e Knowledge profile based prompting (e.g., Lu & Wang, 2024)
e Multi-step prompting (e.g., Shaikh et al., 2024)

R You're fired.

- A s

==}
Strategy Counterfactual Response
Classification Generation Generation

P\l You're fired l&l Let’s figure it out. l That'’s unfair! Q
Power Interests Rights

Figure 4: The IRP planning = component supports three
different modes: it classifies a user’s response, generates
counterfactual user messages using a pre-planned conflict

resolution strategy (e.g. Interests), or plans and generates a
simulated response.




What approaches are used for simulation?

Persona-based prompting (e.g., He-Yueya et el., 2024)
Knowledge profile based prompting (e.g., Lu & Wang, 2024)
Multi-step prompting (e.g., Shaikh et al., 2024)
Role-playing the teacher (e.g. Lu & Wang, 2024)

3.4.2 Asking the model to role-play as an instructor and predict the
generative student’s answer helps. Instead of prompting the LLM
to act as a student and "answer" the questions directly, we ask it
to act as a teacher who wants to "predict” the student’s answer.
We found that when asked to answer the questions based on the
student’s profile, the LLM is more likely to answer based on its prior
knowledge. For example, even when we specify in the prompt that
the student has confusion about a rule, the model will still answer
a related question correctly. On the other hand, when we prompt
the model to act as a teacher to predict the student’s answer, the
model’s performance is better aligned with the student’s profile.



What approaches are used for simulation?

Persona-based prompting (e.g., He-Yueya et el., 2024)
Knowledge profile based prompting (e.g., Lu & Wang, 2024)
Multi-step prompting (e.g., Shaikh et al., 2024)
Role-playing the teacher (e.g. Lu & Wang, 2024)
Ensembling multiple LLMs (e.g., He-Yueya et el., 2024)

To create the LM-ensemble, we consider Mistral-7B-v0.1, llemma_7b, llemma_34b, deepseek-math-
7b-base, deepseek-math-7b-instruct, deepseek-math-7b-rl, Meta-Llama-3-8B, Meta-Llama-3-8B-
Instruct, Meta-LLlama-3-70B, and Meta-L.lama-3-70B-Instruct.



What approaches are used for simulation?

Persona-based prompting (e.g., He-Yueya et el., 2024)
Knowledge profile based prompting (e.g., Lu & Wang, 2024)
Multi-step prompting (e.g., Shaikh et al., 2024)
Role-playing the teacher (e.g. Lu & Wang, 2024)
Ensembling multiple LLMs (e.g., He-Yueya et el., 2024)

Few shot examples (e.g., He-Yueya et el., 2024)

zero-shot:

{question}

Please reason step by step, and put your final a

double square brackets (e.g. [[A/B/C/D]]) The f 1
answer must be one of the four letters: A, B, C, or D.

Figure 7: The few-shot prompt has three example question-answer pairs.



What approaches are used for simulation?

Persona-based prompting (e.g., He-Yueya et el., 2024)
Knowledge profile based prompting (e.g., Lu & Wang, 2024)
Multi-step prompting (e.g., Shaikh et al., 2024)

Role-playing the teacher (e.g. Lu & Wang, 2024)

Ensembling multiple LLMs (e.g., He-Yueya et el., 2024)

Few shot examples (e.g., He-Yueya et el., 2024)

Fine-tuning on student response data (e.g., He-Yueya et el., 2024)



Eedi

Pretend that you are an 11-year-old student. Your gender is male. You are eligible
for free school meals or pupil premium due to being financially disadvantaged.
Question:
Jo says: 8 X (4 +7) =8X4+7
Paul says: 8 X (4 +7) =8 X4 +8X7 Secondary .

a a p p r Who is correct? Question:

but

A) Only Jo

WordBank
Pretend that you are a 26-month-old child.
Your sex is Male and your ethnicity is
White. Your mother's education level is

B) Only Paul Your answer:

C) Both Jo and Paul Incorlject
D) Neither is correct Question:
Your answer: teddybear
A Your answer:
Pe rson a_ True answer: Incorrect
B
Question:
Is the following statement always true, sometimes true, or never true? Duolingo
Kn oWled Pretend that you are a person from US. You
One less than a multiple of 5 is a multiple of 4 use an android device.
Question:
Y A) Never true Marzo
M u ltl _stel B) Sometimes true Vo Craiduen
C) Always true S
D) Not enough information to decide Question:

Your answer: noviembre

Ro le-plar Erue answer: ;Z::e::SWEI’:
E nsem bl Figure 5: Example training data.

Few shot examples et el., 2024]
Fine-tuning on student response data (e.g., He-Yueya et el., 2024)

1.0

~— Human subset —— Human subset —— Human subset
2 -~ Prompting (best) 2 ~--- Prompting (best) v ~--- Prompting (best)
Zos Deepseek Zoo Deepseek g4 Deepseek
H - Mistral H - Mistral 2 - Mistral
= Llama £ --- Lama So6 Lama
206 Random 208 B - Random
5 § § i
£ £ €04
& & &
s0al [/ 07 s
R g .
g Soe] [ g [
202 2 £ B =
3 E goof |
& & £

00 05
10! 102 10° 10! 10% 10° 10! 10? 10°
Number of students Number of students Number of students
(a) EEDI (b) WORDBANK (c) DUOLINGO

Figure 6: Fine-tuned LMs outperform the best prompting baseline on WORDBANK, but not in the
other domains. Error bars indicate the standard deviation.



What approaches are used for simulation?

Persona-based prompting (e.g., He-Yueya et el., 2024)
Knowledge profile based prompting (e.g., Lu & Wang, 2024)
Multi-step prompting (e.g., Shaikh et al., 2024)

Role-playing the teacher (e.g. Lu & Wang, 2024)

Ensembling multiple LLMs (e.g., He-Yueya et el., 2024)

Few shot examples (e.g., He-Yueya et el., 2024)

Fine-tuning on student response data (e.g., He-Yueya et el., 2024)
Using LLM agents (e.g. Zhang et al., 2024)



Using LLM Agents (Zhang et al., 2024)

Current Slide Dialogue History

Auto-regressive Models Now let's talk about auto-regressive models. They take . .
- < in a sequence and constantly predict the next word of Teaching Agents The teacher and the teaching
b it e T Teacher | the sequence. To build and train these models, ... assistant are the authoritative party responsible fo1
Rl s imparting knowledge in the classroom, encompass
- GPT series s @ P(AWAW'; 'I;H """ e (Thanks for the explanation! I've also heard that it is the ing most teaching behaviors. The acronyms in
L a"tmg:jv;m ¢ most common model structure currently. parentheses represent the roles that the agent needs

to accomplish in a classroom environment.

Wow, why is everyone using this seemingly simple Teacher Agent (TI, ID, EC, CM) : Given the
model structure? What are its advantages? teaching scripts C, its task is to persuasively dis
Class Roles User play material c; to students or answer questions

Good question! ... ) 000 based on the classroom historical discussions H.
.) @ > Assistant Agent (ID, EC, CM): Given the class

- Assistant : : . 3
Teacher Assistant Classmate(s) User [ Interact with the class here ... ] Homhision H’ t.he ass1stt°1nt = re§pf) nmb} g t(.) SUR
plement teaching information, participate in discus
sion, maintain the discipline and continuity of the
KA class, and enhance student learning efficiency.
Class Session Controller

Role Descriptions | Pr ] Dy | Dc | Dy ) \

Learning Materials c,z'_‘_'_'c,,| —_— — '@ .@ .@ —_

Dialogue History (G, \ Pz ) Fo ) Hy ) -

Manager Select a Function Select a Speaker
Class State Receptor


https://arxiv.org/pdf/2406.19226?

So, does it work??




Challenges

e Not representative of teacher/student populations
o e.g. misalignment with human knowledge distributions; lack of pedagogical knowledge

e Lack of diversity
e Lack of a model for learning: Inability to represent specific student behaviors /

knowledge gaps / learning trajectories
o Inconsistency: goes from not understanding a concept to suddenly deriving a complex
theorem; lack of coherence:
e Lack of real human (student or teacher) adaptivity
o Skips over key parts of the learning trajectory (e.g. goes from easy to hard concepts)
o  Over-accepting of bad teaching

e Rigidity vs naturalness trade-off



So, does it work??

Depends on what you use it for, and how.



Discuss

THE WHITE HOUSE

WASHINGTON

You are asked to consult White House officials on the following: under what
conditions it is okay to simulate students or teachers. What do you say?

Group A: Simulating students Group B: Simulating teachers
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So, does it work??

Depends on what you use it for, and how. In any event, it’s worth
being conscious on why it’s the way it is.



Under the hood: LLM training pipeline
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https://ai.gopubby.com/the-training-pipeline-of-large-language-models-afd5fa57df46

Under the hood: LLM training pipeline

Pre-Training
generic :
data 1
N ) J

what is this “generic data”?

[Source: Mina]


https://ai.gopubby.com/the-training-pipeline-of-large-language-models-afd5fa57df46

Pre-training

Zero transparency about what data these models were pre-trained on... and the little
evidence we have does not look great!
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Language Models are Unsupervised Multitask Learners

Alec Radford *! Jeffrey Wu *! Rewon Child! David Luan! Dario Amodei **! Ilya Sutskever ™!

Quantity Weight in Epochs elapsed when
(tokens) training mix training for 300B tokens

Dataset

Common Crawl (filtered) 410 billion 60% 0.44
WebText2 19 billion 22% 2.9
Books1 12 billion 8% 1.9
Books?2 55 billion 8% 0.43
Wikipedia 3 billion 3% 34

Table 2.2: Datasets used to train GPT-3. “Weight in training mix” refers to the fraction of examples during training
that are drawn from a given dataset, which we intentionally do not make proportional to the size of the dataset. As a
result, when we train for 300 billion tokens, some datasets are seen up to 3.4 times during training while other datasets

are seen less than once.
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Pre-training data processing pipeline
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https://allenai.org/blog/dolma-3-trillion-tokens-open-llm-corpus-9a0ff4b8da64

“Academic” language bias

‘Whose Language Counts as High Qualit;
Ideologies in Text Data Selection

Suchin Gururangan' Dallas Card® Sarah K. Dreier” Emily K. Gade*
Leroy Z. Wang'  Zeyu Wang' Luke Zettlemoyer’! Noah A. Smithi#
fUniversity of Washington ~ ¢University of Michigan ~ “University of New Mexico
*Emory University ~*Allen Institute for AI
{sg01, zwan4, 1sz,nasmith}@cs.washington.edu dalc@umich.edu
skdreier@unm.edu emily.gade@emory.edu lryw@uw.edu
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“Monolingual” bias

Topic bias

Abstract

Language models increasingly rely on massive
web crawls for diverse text data. However,
these sources are rife with undesirable content.
As such, resources like Wikipedia, books, and
news often serve as anchors for automatically
selecting web text most suitable for language
modeling, a process typically referred to as
quality filtering. Using a new dataset of U.S.
high school newspaper articles—written by stu-
dents from across the country—we investigate
whose language is preferred by the quality filter
used for GPT-3. We find that newspapers from
larger schools, located in wealthier, educated,
and urban zones (ZIP codes) are more likely
to be classified as high quality. We also show
that this quality measurement is unaligned with

move this undesirable content from training data.!
These filters include code removers (Gao et al.,
2020), heuristics (Rae et al., 2021), stopwords (Raf-
fel et al., 2020), and i (Brown et al., 2020;
Wenzek et al., 2020).

Although quality filtering is often treated as a
relatively neutral preprocessing step, it necessarily
implies a value judgment: which data is assumed to
be of sufficiently high quality to be included in the
training corpus? More concretely, when a quality
filter is a classifier trained on instances assumed to
be of high (and low) quality, the selection of those
examples will impact the language model and any
downstream technology that uses it. Many filters
use Wikipedia, books, and newswire to represent
high quality text. But what texts are excluded as a

AVE B4
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CCNet: Extracting High Quality Monolingual Datasets from Web Crawl Data

Guillaume Wenzek*, Marie-Anne Lachaux*, Alexis Conneau, Vishrav Chaudhary,
Francisco Guzmén, Armand Joulin, Edouard Grave
Facebook AT
{guw, malachaux, aconneau, vishrav, fquzman, ajoulin, egrave}@fb.com
Abstract
Pre-training text representations have led to significant improvements in many areas of natural language processing. The quality of these
models benefits greatly from the size of the pretraining corpora as long as its quality is preserved. In this paper, we describe an automatic
pipeline to extract massive high-quality monolingual datasets from Common Crawl for a variety of languages. Our pipeline follows

the data processing introduced in fastText (Mikolov et ak;2017; Grave et al., 2018), that

documents and identifies their

language. We augment this pipelin with a filtering step to select documents that are close to high quality corpora like Wikipedia.

Keywords: Common Crawl, web data

1. Introduction

Pre-trained text representations have brought significant
performance gains on many natural language processing
tasks (Peters et al., 2018). Since the introduction of Trans-
formers (Vaswani et al., 2017) and BERT (Devlin et al..
2018), we have a seen a steady improvement in the quality
of these pre-trained models, mainly driven by increasing
the size of the pre-training corpora (Radford et al., 2019;
Yang et al.. 2019; Lan et al., 2019). theless, the size
only does not guarantee better models and the quality of
the data has to be preserved, which has lead to the use
of ad-hoc datasets created by concatenating existing high-

—
Common Crawl corpora, followed by our overall pipeline
to filter high quality documents from it. We then describe
additional tools that can be used to tailor the filtering to a
targeted corpora. Finally, we give in depth statistics about
the dataset obtained from pre-processing a single Common
Crawl snapshot. The pipeline and the tools are publicly
available?.

2. Related work

Preprocessing of massive datasets for training text rep-
resentations has been developed in the context of word

embeddings, such as word2vec (Mikolov et al., 2013),

AboutMe: Using Self-Descriptions in Webpages
to Document the Effects of English Pretraining Data Filters

LiLucy'? Suchin Gururangan® Luca Soldaini!
Emma Strubell’* David Bamman? Lauren F. Klein® Jesse Dodge!
! Allen Institute for AI 2University of California, Berkeley *Emory University
4Carnegie Mellon University SUniversity of Washington
lucy3_li@berkeley.edu

Abstract

Large language models’ (LLMs) abilities are
drawn from their pretraining data, and model
development begins with data curation. How-
ever, decisions around what data is retained
or removed during this initial stage are under-
scrutinized. In our work, we ground web text,
which is a popular pretraining data source, to
its social and geographic contexts. We create a
new dataset of 10.3 million self-descriptions of
website creators, and extract information about
who they are and where they are from: their
topical interests, social roles, and geographic
affiliations. Then, we conduct the first study
investigating how ten “quality” and English
language identification (langID) filters affect
webpages that vary along these social dimen-

ions Our arange of

oz fltering
—

—
=

About Me

Individuals or organizations

Social roles

“I am a published journalist and film reviewer
living in Sydney, studying journalism and writing.
I love all things with a story.”

Geographic locations Topical interests

Figure 1: A paraphrased excerpt from a website’s
ABOUT page, with extracted social dimensions high-
lighted. We use self-descriptions like this one from
Common Crawl, which is frequently used as LLM pre-
training data, to examine the social effects of data cura-
tion filters.
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LLaMA: Open and Efficient Foundation Language Models

Hugo Touvron; Thibaut Lavril; Gautier Izacard; Xavier Martinet
Marie-Anne Lachaux, Timothee Lacroix, Baptiste Roziere, Naman Goyal
Eric Hambro, Faisal Azhar, Aurelien Rodriguez, Armand Joulin

Edouard Grave; Guillaume Lample*

Meta Al

Abstract

We introduce LLaMA, a collection of founda-
tion language models ranging from 7B to 65B
parameters. We train our models on trillions
of tokens, and show that it is possible to train
state-of-the-art models using publicly avail-
able datasets exclusively, without resorting
to proprietary and inaccessible datasets. In
particular, LLaMA-13B outperforms GPT-3
(175B) on most benchmarks, and LLaMA-
65B is competitive with the best models,
Chinchilla-70B and PaLM-540B. We release
all our models to the research community’.

1 Introduction

Large Languages Models (LLMs) trained on mas-
sive corpora of texts have shown their ability to per-
form new tasks from textnal instructions or from a

performance, a smaller o1
ultimately be cheaper at ir
although Hoffmann et al
training a 10B model on

that the performance of a
improve even after 1T toke

The focus of this work
language models that achie
formance at various inferen
on more tokens than what
resulting models, called LI
to 65B parameters with co!
compared to the best existii
LLaMA-13B outperforms

7!

English CommonCrawl [67%]. We preprocess
five CommonCrawl dumps, ranging from 2017
to 2020, with the CCNet pipeline (Wenzek et al.,
2020). This process deduplicates the data at the
line level, performs language identification with
a fastText linear classifier to remove non-English
pages and filters low quality content with an n-
gram language model. In addition, we trained a
linear model to classify pages used as references
in Wikipedia v.s. randomly sampled pages, and
discarded pages not classified as references.

marks, despite being 10x smaller. we believe that
this model will help democratize the access and

sdiidisa: al T T R afininn 2hicmimian Vv i i v v B 2V FYTYYTY



Check out Rose’s slides to learn more about pre-training data biases and
play around with this Colab related to language and quality filters...!

sentence9 = "Feliz Navidad / Préspero ano y felicidad / I wanna wish you a Merry Christmas"
print(predict(sentence9))

__label__es',) [0.93549502]

( ]
('_label__es"', array([0.93549502]))

[ 1 score = clf.predict_proba(vectorizer.transform(['AHHHH FINALLY']))[0][1]
print(score)

r—

v 0.005891870501448257

St



https://web.stanford.edu/class/cs329x/slides/s5_data.pdf
https://colab.research.google.com/drive/1EhHV3wZEjCltcm4idXdX1TnmEgdV1QhG?usp=sharing

Under the hood: LLM training pipeline
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https://ai.gopubby.com/the-training-pipeline-of-large-language-models-afd5fa57df46

Reinforcement Learning from Human Feedback (RLHF)

Bias Why this is a problem for
teacher/student simulations

Verbosity (e.g. Park et al., 2024) Neither most students, nor good teacher talk
much



https://arxiv.org/pdf/2403.19159

Reinforcement Learning from Human Feedback (RLHF)

Bias

Verbosity (e.g. Park et al., 2024)

Human annotators are not representative of
the general population, and they make
mistakes
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Verbosity (e.g. Park et al., 2024) Neither most students, nor good teacher talk
much

Human annotators are not representative of  They are not representative of any particular

the general population, and they make body of students or teachers
mistakes
Sycophancy: Models are trained to tell you Good teachers don’t tell you what you want to

what you want to hear (Sharma et al., 2023) hear
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Reinforcement Learning from Human Feedback (RLHF)

Bias Why this is a problem for
teacher/student simulations

Verbosity (e.g. Park et al., 2024) Neither most students, nor good teacher talk
much

Human annotators are not representative of  They are not representative of any particular

the general population, and they make body of students or teachers

mistakes

Sycophancy: Models are trained to tell you Good teachers don’t tell you what you want to
what you want to hear (Sharma et al., 2023) hear

Intersubjectivity: Humans have diverse, Even if you did RLHF with expert teachers or

contradictory preferences with students, they would not agree
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What could it look like to do RLHF well for
teacher/student simulations?



Reading discussion on He-Yueya et al. (2024)



