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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 

3

The Pile: a pretraining corpus (825Gb)
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Figure 1: Treemap of Pile components by effectivesize.

troduce a new filtered subset of Common Crawl,

Pile-CC, with improved extraction quality.

Through our analyses, weconfirm that the Pile is

significantly distinct from pure Common Crawl

data. Additionally, our evaluations show that the

existing GPT-2 and GPT-3 models perform poorly

on many components of thePile, and that models

trained on the Pile significantly outperform both

raw and filtered Common Crawl models. To com-

plement the performance evaluations, we also per-

form an exploratory analysis of the text within the

Pile to provide a detailed picture of the data. We

hope that our extensive documentation of the con-

struction and characteristics of the Pile will help

researchers make informed decisions about poten-

tial downstream applications.

Finally, we make publicly available the preprocess-

ing code for the constituent datasets of the Pile and

the code for constructing alternative versions2. In

the interest of reproducibility, we also document

all processing performed on each dataset (and the

Pile as awhole) in asmuch detail as possible. For

further details about the processing of each dataset,

seeSection 2 and Appendix C.

2ht t ps: / / gi t hub. com/ El eut her AI /
t he- pi l e

1.1 Contr ibutions

The core contributions of this paper are:

1. The introduction of a 825.18 GiB english-

language dataset for language modeling com-

bining 22 diverse sources.

2. The introduction of 14 new language model-

ing datasets, which we expect to be of inde-

pendent interest to researchers.

3. Evaluations demonstrating significant im-

provements across many domains by GPT-2-

sized models trained on this new dataset, com-

pared to training on CC-100 and raw Common

Crawl.

4. The investigation and documentation of this

dataset, which wehope will better inform re-

searchers about how to use it as well asmoti-

vate them to undertake similar investigations

of their own data.

2 The Pile Datasets

ThePile iscomposed of 22 constituent sub-datasets,

asshown in Table1. Following Brown et al. (2020),

we increase the weights of higher quality compo-

nents, with certain high-quality datasets such as

Wikipedia being seen up to 3 times (“epochs”) for
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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

5

Problems with scraping from the web

6

Hollywood Reporter, June 29, 2023.

New York Times, December 27, 2023.
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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

7

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

8
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Finetuning

9

Fine-

tuning 

Data
Pretraining Data

Pretraining

… … …

Fine-tuning

… … …

Pretrained LM Fine-tuned LM

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
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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

Ranking LLMs (November 2025)
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Model Arena Elo MMLU-Pro ARC-AGI Organization License

Gemini-3-Pro 1490 90 31.1 Google Proprietary

Grok-4.1-Thinking 1475 89 xAI Proprietary

Grok-4.1 1465 88 xAI Proprietary

GPT-5.1-high 1463 87.1 17.6 OpenAI Proprietary

Gemini-2.5-Pro 1462 86.2 4.9 Google Proprietary

Grok-4 1446 86.6 16 xAI Proprietary

GPT-5-high 1443 87.1 9.9 OpenAI Proprietary

GLM-4.6 1442 83.5 Z.ai MIT

Qwen3-Max 1440 85.3 Alibaba Proprietary

GPT-5.1 1439 87 7.5 OpenAI Proprietary

From: https://openlm.ai/chatbot-arena/
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http://aistudio.google.com/app/prompts/new_chat?model=gemini-3-pro-preview
http://aistudio.google.com/app/prompts/new_chat?model=gemini-3-pro-preview
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https://x.ai/news/grok-4-1
https://x.ai/news/grok-4-1
https://x.ai/news/grok-4-1
https://x.ai/news/grok-4-1
https://x.ai/news/grok-4-1
https://x.ai/news/grok-4-1
https://x.ai/news/grok-4-1
https://x.ai/news/grok-4-1
https://platform.openai.com/docs/models/gpt-5.1
https://platform.openai.com/docs/models/gpt-5.1
https://platform.openai.com/docs/models/gpt-5.1
https://platform.openai.com/docs/models/gpt-5.1
https://platform.openai.com/docs/models/gpt-5.1
http://aistudio.google.com/app/prompts/new_chat?model=gemini-2.5-pro
http://aistudio.google.com/app/prompts/new_chat?model=gemini-2.5-pro
http://aistudio.google.com/app/prompts/new_chat?model=gemini-2.5-pro
http://aistudio.google.com/app/prompts/new_chat?model=gemini-2.5-pro
http://aistudio.google.com/app/prompts/new_chat?model=gemini-2.5-pro
https://docs.x.ai/docs/models/grok-4-0709
https://docs.x.ai/docs/models/grok-4-0709
https://docs.x.ai/docs/models/grok-4-0709
https://platform.openai.com/docs/models/gpt-5
https://platform.openai.com/docs/models/gpt-5
https://platform.openai.com/docs/models/gpt-5
https://platform.openai.com/docs/models/gpt-5
https://platform.openai.com/docs/models/gpt-5
https://z.ai/blog/glm-4.6
https://z.ai/blog/glm-4.6
https://z.ai/blog/glm-4.6
https://www.alibabacloud.com/help/en/model-studio/models
https://www.alibabacloud.com/help/en/model-studio/models
https://www.alibabacloud.com/help/en/model-studio/models
https://platform.openai.com/docs/models/gpt-5.1
https://platform.openai.com/docs/models/gpt-5.1
https://platform.openai.com/docs/models/gpt-5.1
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History of LLMs

13
From: https://medium.com/@lmpo/a-brief-history-of-lmms-from-transformers-2017-to-deepseek-r1-2025-dae75dd3f59a

Ethical and Safety Issues: Hallucination

14

The New York Times, November 16, 2023.

The New York Times, August 7, 2023.

BBC, February 23, 2024.
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Ethical and Safety Issues: Privacy

15

The New York Times, December 22, 2023.

Ethical and Safety Issues: Abuse and Toxicity

16

Wall Street Journal, July 24, 2023.

Time Magazine, February 17, 2023.
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Example Instructions to Human Labelers

17

From: Andrej Karpathy, Introduction to LLMs (Nov. 22, 2023)
Document available at: https://docs.google.com/document/d/1MJCqDNjzD04UbcnVZ-LmeXJ04-TKEICDAepXyMCBUb8/edit#heading=h.21o5xkowgmpj

Ethical and Safety Issues: Lots more…

• Harm (suggesting dangerous actions)

• Fraud 

• Emotional dependence

• Bias

18

17

18



12/3/2025

10

AI in Toys!

19

AI in Toys???!!!

November 19, 2025

20
From: https://www.cnn.com/2025/11/19/tech/folotoy-kumma-ai-bear-scli-intl

19
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A quick Tour of Transformers

21

A short History of Transformers

22From: https://dair-ai.notion.site/Introduction-to-Transformers-4b869c9595b74f72b088e5f2793ece80
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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/Ideas

• Positional Encoding 
(preserves positional information in input sequence)

• Attention Mechanism (aka Neural Attention)

24
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Attention

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

25

Transformers: Positional Encoding

• Since there are no recurrent layers in a transformer, an explicit 
positional encoding is added to the embedding vector.

26

[the train left the station]

word embedding vectors positional encoded embedding

Encoder

25
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Transformers: Attention

• Idea: “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

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
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Transformers: Self Attention

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

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

2. Compute sum of all vectors in the 
sentence weighted by relevancy scores.

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

The process is repeated for every word in 
the sentence producing a new sequence 
of vector encoding of the sentence.

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.

30

[the train left the station]

word embedding vectors positional encoded embedding

Encoder

heads

Multi-headed 
attention

encoder input representation

…

29
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Transformer: Encoder+Decoder

31

From: https://www.geeksforgeeks.org/large-language-model-llm/amp/

• This is a full sequence to sequence transformer 
architecture.

• The encoder produces context aware 
representations of each input token.

• The decoder reads in 0. . 𝑖 − 1 tokens already 
produced and outputs the 𝑖th token.

It uses neural attention to identify tokens in 
input sequence that may be closely related to 
the token it is trying to predict.

ENCODER

DECODER

context

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
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Language Modeling Using Transformers

33

• Train a language model (using encoders)

• Enter some initial text

• System generates the next word 
(using decoder)

• Append generated word to input 
text…repeat.

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

35

Future of LLMs

• More parameters → Better performance???
Perhaps, but trajectory is not linear.
Yet, this is where the current push is (invest more $$$).

• 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
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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)

• Deepak’s Objection 
No LLM can answer a hard question by “I don’t know.”

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

37
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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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