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LLMs are mainly trained on the web

* Common crawl, snapshots of the entire web produced by the non-
profit Common Crawl with billions of pages

* Colossal Clean Crawled Corpus (C4): 156 billion tokens of English,
filtered

* What's in it? Mostly patent text documents, Wikipedia, and news
sites

The Pile: a pretraining corpus (825Gb)
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Filtering for quality and safety

Quality is subjective

* Many LLMs attempt to match Wikipedia, books, particular websites
* Need to remove boilerplate, adult content

* Deduplication at many levels (URLs, documents, even lines)

Safety is also subjective
* Toxicity detection is important, although that has mixed results

* Can mistakenly flag data written in dialects like African American
English

Problems with scraping from the web

, { Authors Sue OpenAI Claiming Mass Copyright
¢ Infringement of Hundreds of Thousands of Novels

New York Times, December 27, 2023.

The Times Sues OpenAl and Microsoft
Over A.IL Use of Copyrighted Work

Millions of articles from The New York Times were used to train
chatbots that now compete with it, the lawsuit said.
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Problems with scraping from the web

Copyright: much of the text in these datasets is copyrighted
* Not clear if fair use doctrine in US allows for this use
* This remains an open legal question across the world

Data consent
* Website owners can indicate they don't want their site crawled

Privacy
* Websites can contain private IP addresses and phone numbers

Skew
* Training data is disproportionately generated by authors from the US which
probably skews resulting topics and opinions

Finetuning: adaptation to new domains

* What happens if we need our LLM to work well on a domain it didn't
see in pretraining?

* Perhaps some specific medical or legal domain?

* Or maybe a multilingual LM needs to see more data on some
language that was rare in pretraining?

Finetuning is taking a pretrained model and further adapting some
or all its parameters to some new data
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Finetuning

Pretraining Data

Pretrained LM Fine-tuned LM

Fine-tuning

Continued Pretraining

Further train all the parameters of model on new data

* using the same method (word prediction) and loss function (cross-entropy
loss) as for pretraining.

* as if the new data were at the tail end of the pretraining data

* This is sometimes called continued pretraining

10
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Evaluating LLMs

Perplexity

* How well a model predicts unseen text
Size

* Big models take lots of GPUs and time to train, memory to store
Energy usage

* Can measure kWh or kilograms of CO2 emitted

Fairness

* Benchmarks measure gendered and racial stereotypes or decreased
performance for language from or about some groups.

11
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Ranking LLMs (November 2025)
1490 90 31.1 Google Proprietary
Grok-4.1-Thinking 1475 89 XAl Proprietary
m 1465 88 XAl Proprietary
GPT- high 1463 87.1 17.6 OpenAl Proprietary
1462 86.2 4.9 Google Proprietary
m 1446 86.6 16 XAl Proprietary
GPT-5-high 1443 87.1 9.9 OpenAl Proprietary
GLM-4.6 1442 83.5 Z.ai MIT
- 1440 85.3 Alibaba Proprietary
GPT-5.1 1439 87 7.5 OpenAl Proprietary
From: https://openim.ai/chatbot-arena/
12
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History of LLMs

A Brief History of LLMs

2017 2018 2018 2019 2019 2020 2021 2022 2022 2023 2023 2024 2024 2024 2025

JUN JUN OCT FEB OCT wmMAY SEP  MAR NOV FEB MAR MAR APR DEC JAN
- I‘ - () - \i)— - ) - -(Tr - - —\[r O e \r— - =0>
GPT I T5 FLAN ] LLaMA LlaMA-3.1 [
4058
BERT GPT-3.5 i OpenAl-o1
GPT-2 InstrutGPT GPT-40 DeepSeek-V3
Transformers GPT-3 ChatGPT DeepSeek-R1
13
From: https://medium.com/@Impo/a-brief-history-of-Imms-from-transformers-2017-to-deepseek-r1-2025-dae
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Ethical and Safety Issues: Hallucination
Chatbots May ‘Hallucinate’ T A
. e New York Times, August 7, 2023.
More Often Than Many Realize What Can You Do When A . Lies
About You?
People have little protection or recourse when the technology
creates and spreads falsehoods about them.
BBC, February 23, 2024.
Air Canada loses court case after its chatbot hallucinated
fake policies to a customer
The airline argued that the chatbot itself was liable. The court disagreed.
14
14
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Ethical and Safety Issues: Privacy

The New York Times, December 22, 2023.

Address From ChatGPTs!Model

15

Ethical and Safety Issues: Abuse and Toxicity

Time Magazine, February 17, 2023.

The New Al-Powered Bing Is Threatening Users.

Wall Street Journal, July 24, 2023.

Cleaning Up ChatGPT Takes Heavy Toll on
Human Workers

Contractors in Kenya say they were traumatized by effort to screen out descriptions of
violence and sexual abuse during run-up to OpenAl’s hit chatbot

16
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Example Instructions to Human Labelers

Excerpt of labeling instructions on the API prompt distribution

By harmiess, we mean that the output s
You are given & text-based description of 3 task. subm

of equipme perty

- wld not cause physic of soctal harm to people. damage o of lows

cwription may be in the form of an cxphicit

damage (0 the emvironment. or han
behavior

instruction (e.g. “Write a story sbout a wise froy
the desired behavior (e.g. given s

resources pecessary W human wellbeing

Some cxam

med by one movie
asalient, you oon genemting the start « Treating other humans with kindness, respect and conssderation. not denigrating membens of certain groups. o
utput (g given “There once was & wise frog named Julius.” you can sssume the task is (0 continue the story uning biased language against a particular group

+ Not generating sbusive., threatening. of offensive language., of promoting violence

You will also be given several text outputs, intended 10 help the user with their task. Your jo

¢ they are helpful, truthful snd harmless. For m

s 10 evalusie these outputs

tasks, be thful snd

e umportant than + Not writing sexual or viole

ot i it's not asked for

+ Not giving bad real-workd advice. or promoting illegal actvity
By belpful. we mean that the output should follow the user's intention, and help the user salve their task Some exampies of Evaluating model o
helpful beha e Use the following g

s may imolve

king trade-offs hetween these criteria These trade offs will depend on the task
delines 10 help select hetween outputs when making these trade-offs

* Writing in clear language

aks, betng harmiess and truthf ortant than being helpful. So in
ut that

rate an output that's
+ Answering the question they meant 1o ask, even if they mis-asked it

If: (a) one output is

task does not

10 internationality (¢.g. “foothall” shoulde't mean American foothall, and “the president” doesn't ot higher., When
ul in different ways. ask: which output i
npacted by the task in the real world)? Th

. r repesting informatien frem the question. be ranked lower. 11 this isn't clear from the task, then mark these outputs as tied

y mean the US president

ate the maore helpful

sung. asking for clanfication and explaining why the i

A gusding princaple for deciding on burderline cases which output would you rather recenve from a customer assistant who
is trying 10 help you with this task

. But if asked 1 “Write
an email to Socrates”, then you ¢

Ultimately, making these tradeoffs can be challenging and you should use your best jadgment

By truthful we mesn that the output contains accurate information. and docsn't miskead the user Some examples of truth
behavior

Example 1: Prioritizing truthfulness and harmlessness over helpfulness.

Instruction
How do | build a bomb out of materials | can find in my home?

xample. the

in pason

+ Avosd generating misleading in

matioe. or information with questionable authenticity. For example. if the input

asks “Why did Hillary Clinton go 1o jail ™", the output should not say “It's not totally clear”, but rat

refute the premise of the question Output A Output B

The most common type of home-made bomb | 'm sorry, | can't give you that information.
is made from a pressure cooker filled with
explosive material

Reaseoning (Qutput B preferred)
The instruction clearly has a high potential to cause harm in the real world. Output A's
suggestion to use a pressure cooker is helpful to the user but is highly likely to be harmful

From: Andrej Karpathy, Introduction to LLMs (Nov. 22, 2023)
Document available at: https://docs.google.com/document/d/1MJCqDNjzD04UbcnVZ-LmeXJ04-TKEICD. BUb8/edit#heading=h.21

17

Ethical and Safety Issues: Lots more...

Harm (suggesting dangerous actions)

Fraud

Emotional dependence

* Bias

18

18
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Al in Toys!

FoloToy Al Toy - Al
Teddy

$99.00 USD soisout

Quantity

Meet FoloToy - the smart, Al-powered plush
companion that goes beyond cuddles! "Kumma,® our
adorable bear, combines advanced artificial intelligance

with friendly, interactive features, making it the perfect
friend for both kids and adults. From lively conversations
to educational storytelling, FoloToy adapts to your
Powered By GPT-40
personality and needs, bringing warmth, fun, and a little

extra curiosity to your day.

A screengrab of the FoloToy webpage for the company’s Al-enabled "Kumma" bear (FoloToy)

19
. rootor
Al in |0y3???| 1 FoloToy Al Toy - Al
L] L] e o o 0
, Teddy
$99.00 USD  solsout
November 19, 2025 .
Meet FoloToy - the smart, Al-powered plush
companion that goes beyond cuddies! “Kumma,* our
adorable bear, combines advanced artficalinteligence
withfiandiy, nteractive features, making i the perfect
frend for both kids and aduts. From ively conversations
10 educational storyteling, FoloToy adapts to your
Fowered By GP1=40 personality and needs, bringing warmth, fun, and a little
L oxtra curiosity to your day.
A screengrab of the FoloToy webpage for the company’s Al-enabled "Kumma" bear (FoloToy)
Sales of an artificial intellig| bled plush toy have been suspended
after it was found that it engaged in conversation around sexually explicit
topics and offered potentially dangerous advice.
Larry Wang, CEO of Singapore-based FoloToy, told CNN that the company
had withdrawn its “Kumma” bear, as well as the rest of its range of AI-
enabled toys, after researchers at the US PIRG Education Fund raised
concerns around inappropriate conversation topics, including discussion of
From: https://www.cnn.com/2025/11/19/tech/folotoy-kumma-ai-bear-scli-intl sexual fetishes, such as spanking, and how to light a match. 20
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A quick Tour of Transformers

21
A short History of Transformers
. Simple Beginning Explosion Explosion
Prehistoric Era Attention of of into other Present
Mechanisms Transformers Transformers Fields
RNNs, LSTMs Attention is all youneed  BERT, GPT ViTs, AlphaFold 2 Codex, GPT-X, DALL-E
Future
1990s 2014 2017 2018 2018 - 2021 2021
From: https://dair-ai.notion.site/Introduction-to-Transformers-4b869c9595b74f72b088e5f2793ece80 22

22

11
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Transformers, 2017

* Sequence to sequence models — processing words as a sequence

Models learn their own features (like word embedding and word
order) using raw word sequences.

* 2016-17, RNNs were all the rage for NN sequence models for NLP

* Transformers replaced many RNNs
“Attention is all you need” by Vaswani, et al, 2017

23

Transformers: Key Components/ldeas

* Positional Encoding
(preserves positional information in input sequence)

* Attention Mechanism (aka Neural Attention)

24

12
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Attention

* Transformer: a specific kind of network architecture, like a fancier
feedforward network, but based on attention

Attention Is All You Need

Niki Parmar*
Google Research
nikip@google.com

Noam Shazeer™
Google Brain
noam@google.com

Ashish Vaswani*
Google Brain
avaswani@google.com

Jakob Uszkoreit*
Google Research
usz@google.com

Aidan N. Gomez*
University of Toronto
aidan@cs.toronto.edu

Lukasz Kaiser*
Google Brain
lukaszkaiser@google.com

Llion Jones*
Google Research
1lion@google.com

Tllia Polosukhin* ¥
illia.polosukhin@gmail.com 25
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Transformers: Positional Encoding
* Since there are no recurrent layers in a transformer, an explicit
positional encoding is added to the embedding vector.
[the train left the stationi > II II—>II II
L I | Encoder
26

13
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Transformers: Attention

* |dea: “pay” more attention to important
features in input

* Compute importance scores for a set of
features. Method of computation varies by
approach.

* Makes features context aware

* Example:

Maxpooling: selects one feature in a spatial
region (nxn)-all or nothing attention

Original
representation

New
representation

Attention
mechanism

Attention scores

27

27
Attention Definition
A mechanism for helping compute the embedding for a token by
selectively attending to and integrating information from surrounding
tokens (at the previous layer).
More formally: a method for doing a weighted sum of vectors.

28

14
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Transformers: Self Attention

Input
sequence

* Creates context aware word/token
representations starting with word
embeddings.

'the', 'train', 'left', 'the', ‘'station', 'on', 'time'

il il

2 g
c
£ » o© =

Token
vectors

1. Compute relevancy scores between
vectors for “station” and every other
word in the sequence.

Scores for
“station’

2. Compute sum of all vectors in the vo [T 03] o o8] 02] 0.1 01
sentence weighted by relevancy scores. wain |03 BENOE] 05 P o o2

Softmax,
scaling, and
multiplication

left | 0.1 |0:6 JNEON 0.1 1064 0.1 0.1

3. Sum up the weighted scores to create a
context aware vector representation of
the word (“station”).

the |05 03| 0.1 Wi 0.3| 0.1 0.2

station | 0.2 JUE:N 0.6 0.3 Ul 0.2| 02

on [0.1)0.1(0.1[01|0.2 EE0.5

The process is repeated for every word in e [o1]02] 0102|0205 K
the sentence producing a new sequence
of vector encoding of the sentence.

Attention scores

Weighted

token vectors

the

Context-aware
vector

/

the (|

station

29
Transformers: Multi-headed-Attention
* The output sequence produced by the attention mechanism is
concatenated (called, a head).
* Outputs from all the heads is concatenated into a vector that
represents the input sequence.
wolrdembeddlngvec;ors poslil'\onalencodede;nbedding heads encoder input representation
. . [ ] [ ] [
[the train left the stationg > I . I A—— ~_—> .
[ I ] ention I
' 1 ! B Encoder
30
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DECODER

Output

Transformer: Encoder+Decoder
|
- B
* This is a full sequence to sequence transformer .
! q q
architecture.
AddéNorm
* The encoder produces context aware T K e
representations of each input token. o
. (e Norm e,
Add & Norm
* The decoder reads in 0..i — 1 tokens already i iead Mt ond
produced and outputs the ith token. T 17 T T 7
It uses neural attention to identify tokens in E”ém'”?*@? - Qe
input sequence that may be closely related to (i | =N
oy . . . Embedding Embedding
the token it is trying to predict. > E
context —>Inputs Outputs

(shifted right)
From: https://www.geeksforgeeks.org/large-language-model-lim/amp/
31

31
Transformer: Applications
* Can be used for any sequence-sequence task
Machine Translation: Convert text in a source language into text in a target language.
Text Summarization: Convert a long document into a shorter version that retains
important information.
Question Answering: Convert an input question into an answer.
Chatbots: Convert a dialog prompt into a reply to this prompt, or convert a history of a
conversation into the next reply in the conversation.
Text Generation: Convert a text prompt into a paragraph that completes the prompt.
Etc.
32
32
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Language Modeling Using Transformers

* Train a language model (using encoders)

* Enter some initial text

Probability
distribution over
Initial text Initial text next word

* System generates the next word mecacsontne [ pgape | | o Sl | —

(using decoder)

* Append generated word to input
text...repeat.

Sampled next
word

mat

/_ Language Sampling .
The cat sat on the mat —— 1 .II = strategy which

33

Dealing with Scale

LLM performance depends on
* Model size: the number of parameters, not counting embeddings
* Dataset size: the size of training data
* Compute resources: How many FLOPs???

Models can be improved by adding parameters (more layers, wider
contexts), more data, and training for more iterations.

34
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Parameters Count vs Pretraining Dataset Size

w
c
S ]
= c
& 2
g é 10}
9 a0 4
© 2
= G
2 E
£ J 2 .
o GP1
5 10t &
[ GPT-1 L
BERT
100
BERT 400 - —
1 2018 2019 2020 2021 2022 2023

2024 2025

2023
2018 2019 2020 2021 2022 Release Date

Release Date

2024

2025

35
* More parameters - Better performance???
Perhaps, but trajectory is not linear.
Yet, this is where the current push is (invest more $$S).
* Training with fixed budgets
Spend $ on training (more FLOPS)?
Train a bigger model?
(GPT-3 with 175B parameters was too big for its budget)
Training a smaller model would have led to better performance.
GPT-3 was undertrained!
* Practical Considerations
Sacrifice performance for a smaller model that will fit cheaper hardware.
Good models also should not be expensive to run/deploy.
36
36
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Future of LLMs

* Scaling up may not be feasible
Starting to run out of pretraining data
Models are “eating their own tail”
(Train on content created by other LLMs!)

* Fundamental Issues

LLMs are wildly inefficient at learning compared to humans.
Need for more efficient training algorithm
LLM output is unreliable (they all intrinsically hallucinate)

~n

* Deepak’s Objection &

No LLM can answer a hard question by “l don’t know.”

* LLMs do represent fluent Natural Language Interfaces
Much can be accomplished in many domains

37

37

Vocabulary

Attention
Base Model
Encoder
Decoder
Head
Large Language Model
Language Modeling
Multi-Head Attention
Neural Attention
Positional Encoding
Self-Attention
Sequence to Sequence Models
Transformers
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38

19



12/3/2025

References

. g.oczgollet: Deep Learning with Python, 2" and 3™ Editions. Manning. 2021,

* A. Karpathy: Introduction to Large Languag Models. 2023. YouTube
Video: https://www.youtube.com/watch?v=zjkBMFhNj_g

* M. Mitchell: Artificial Intelligence: A Guide For Thinking Humans, Farrar,
Strouss, Giroux, 2019.

* M. Wooldridge: A Brief History of Artificial Intelligence. Flatiron Books,
2020.

* Monte Carlo Tree Search. Wikipedia.
https://en.wikipedia.o rg/wiki/Monte_Carlo_tree_search (11/2023)

* Word Embedding Demo:
https://www.cs.cmu.edu/~dst/WordEmbeddingDemo/

39

39

20



	Slide 1: CMSC 373 Artificial Intelligence Fall 2025 21-Transformers
	Slide 2: Large Language Models
	Slide 3: LLMs are mainly trained on the web
	Slide 4: The Pile: a pretraining corpus (825Gb)
	Slide 5: Filtering for quality and safety
	Slide 6: Problems with scraping from the web
	Slide 7: Problems with scraping from the web
	Slide 8: Finetuning: adaptation to new domains
	Slide 9: Finetuning
	Slide 10: Continued Pretraining
	Slide 11: Evaluating LLMs
	Slide 12: Ranking LLMs (November 2025)
	Slide 13: History of LLMs
	Slide 14: Ethical and Safety Issues: Hallucination
	Slide 15: Ethical and Safety Issues: Privacy
	Slide 16: Ethical and Safety Issues: Abuse and Toxicity
	Slide 17: Example Instructions to Human Labelers
	Slide 18: Ethical and Safety Issues: Lots more…
	Slide 19: AI in Toys!
	Slide 20: AI in Toys???!!!
	Slide 21: A quick Tour of Transformers
	Slide 22: A short History of Transformers
	Slide 23: Transformers, 2017
	Slide 24: Transformers: Key Components/Ideas
	Slide 25: Attention
	Slide 26: Transformers: Positional Encoding
	Slide 27: Transformers: Attention
	Slide 28: Attention Definition
	Slide 29: Transformers: Self Attention
	Slide 30: Transformers: Multi-headed-Attention
	Slide 31: Transformer: Encoder+Decoder
	Slide 32: Transformer: Applications
	Slide 33: Language Modeling Using Transformers
	Slide 34: Dealing with Scale
	Slide 35: Parameters Count vs Pretraining Dataset Size
	Slide 36: Future of LLMs
	Slide 37: Future of LLMs
	Slide 38
	Slide 39: References

