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LLMs: Pre-Training



Contextual Embeddings



Pretraining

ǒ In NLP, we are interested in solving a variety of end tasks - QA, Search, etc.

ǒ One approach - train neural models from scratch

ǒ Issue - This involves two things 
ƺ Modelling of Syntax and Semantics of the language
ƺ Modelling of the end-task

ǒ Pretraining: Learns the modelling of syntax and semantics - through another task

ǒ So the model can focus exclusively on modelling of end-task



Pretraining

ǒ Which base task to choose:
ƺ Must have abundant data available
ƺ Must require learning of syntax and semantics

ǒ Solution: Language Modelling (or some version thereof)
ƺ Does not require human annotated labels - abundance of sentences
ƺ Requires understanding of both syntax and semantics to predict a word in 

sentence



Pretrainingfor Three Types of Architectures



Pre-training Through Language Modeling

Åscientific

Åstudy

Åof

Åhuman

Ålanguage

ÅConvert general text on the Web into huge number of (input-output) pairs

ÅLinguistics is the ________

ÅLinguistics is the scientific _______

ÅLinguistics is the scientific study ________

ÅLinguistics is the scientific study of _________

ÅLinguistics is the scientific study of human _________



Pre-training Through Language Modeling

Transformer (Decoder)

Linguistics is the<s>

p(w)

Train parameters 
such that 
p(scientific) is high

Pre-trained 
Language Models



Self-Supervised Learning



Generative Pre-Training (Transformers)
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ǒ GPT - Uses Transformer decoder for Language Modeling Model size: ~100M
ǒ GPT-2 - Trained on larger corpus of text (40 GB) Model size: 1.5B parameters
ǒ Can generate text given initial prompt - άǳƴƛŎƻǊƴέ ǎǘƻǊȅΣ ŜŎƻƴƻƳƛǎǘ ƛƴǘŜǊǾƛŜǿ

Generative Pre-Training



Unicorn Story



Pretraining for Three Types of Architectures



Pretraining Encoders: Masked Language Modeling



Lots of Information in Raw Text



BERT: Bidirectional Encoder Representations from Transformers 



Tokenizer



BERT Pretraining

ÅNext Sentence Prediction (NSP)

Å50% of time two adjacent sentences are in correct order

ÅPredict whether they are in correct order

ÅThis actually hurt model training (found in later research)



BERT: Input Representation



BERT (2018)



BERT

ÅTwo Sizes of Models
ÅBase: 110M, 4 Cloud TPUs, 4 days
ÅLarge: 340M, 16 Cloud TPUs, 4 days

ÅTrained on: BooksCorpus (800 million words), English Wikipedia 
(2,500 million words)  

ÅPretraining is expensive and impractical on a single GPU. 

ÅBERT was pretrained with 64 TPU chips for a total of 4 days. 
Å(TPUs are special tensor operation acceleration hardware) 

ÅBoth models can be fine-tuned with single GPU

ÅThe larger the better!

MLM converges slower than Left-to-Right at the beginning, but 
out-performers it eventually



BERT vs GPT



Roberta: A Robustly Optimized BERT Pretraining Approach



Granularity of Masking

ǒ BERT chooses word-pieces but this is sub-optimal 

ǒ Not much information to be gained by predicting at word piece level

BERT ς whole word masking



SpanBERT

ǒ [MASK] Delhi, the Indian Capital is known for its rich heritage.

ǒ 9ŀǎƛŜǊ ǘƻ ǇǊŜŘƛŎǘ άbŜǿέΣ ƎƛǾŜƴ ǘƘŀǘ ǿŜ ŀƭǊŜŀŘȅ ƪƴƻǿ 5ŜƭƘƛ

ǒ Instead of masking individual words, mask contiguous spans

ǒ [MASK] [MASK], the Indian Capital is known for its rich heritage.





Practical Tips 

ǒ Proper modelling of input for BERT is extremely important
ƺ Question Answering: [CLS] Query [SEP] Passage [SEP]
ƺ Natural Language Inference: [CLS] Sent1 [SEP] Sent2 [SEP]
ƺ BERT CLS cannot be used as a general purpose sentence encoder for retrieval 

ǒ Maximum input length is limited to 512. Truncation strategies 
have to be adopted

ǒ Always PRE-TRAIN, on related task - will improve accuracy



Small Hyperparameter search

ǒ Because of using a pre-trained model - ǿŜ ŎŀƴΩǘ ǊŜŀƭƭȅ ŎƘŀƴƎŜ ǘƘŜ ƳƻŘŜƭ 
architecture any more

ǒ Number of hyper-parameters are actually few:
ƺ Batch Size: 16, 32
ƺ Learning Rate: 3e-6, 1e-5, 3e-5, 5e-5
ƺ Number of epochs to run

ǒ Compare to training from scratch, where we need to decide number of layers, 
ǘƘŜ ƻǇǘƛƳƛȊŜǊΣ ǘƘŜ ƘƛŘŘŜƴ ǎƛȊŜΣ ǘƘŜ ŜƳōŜŘŘƛƴƎ ǎƛȊŜΣ ŜǘŎΧ 

ǒ This greatly simplifies using the model 



The Pretraining-Finetuning Paradigm

ώhǊƛƎƛƴŀƭƭȅ ƛƴǘǊƻŘǳŎŜŘ ōȅ ά¦ƴƛǾŜǊǎŀƭ [ŀƴƎǳŀƎŜ aƻŘŜƭ CƛƴŜ-ǘǳƴƛƴƎ ŦƻǊ ¢ŜȄǘ /ƭŀǎǎƛŦƛŎŀǘƛƻƴέϐ



The Limited Data Perspective & Other Advantages

ÅLeveraging rich underlying information from abundant raw texts.

ÅReducing the reliance of task-specific labeled data that is difficult or costly to 
obtain.

ÅSaving training cost by providing a reusable model checkpoints.

ÅProviding robust representation of language contexts.

ÅPretrain once, finetune many times!



The Gradient Descent Perspective



Caveat: Catastrophic Forgetting

ÅSequentially pre-train then fine-tune may result in catastrophic forgetting, 
meaning that while adapting to the new fine-tuning task, the model may 
lose previously learned information.

ÅHowever, as modern language models are becoming larger in size and are 
pre-trained on massive raw text, they do encode tremendous amount of 
valuable information. 

Å¢ƘǳǎΣ ƛǘΩǎ ƎŜƴŜǊŀƭƭȅ ǎǘƛƭƭ ƳƻǊŜ ƘŜƭǇŦǳƭ ǘƻ ƭŜǾŜǊŀƎŜ ƛƴŦƻǊƳŀǘƛƻƴ ƭŜŀǊƴŜŘ ŦǊƻƳ 
the pre-training stage, than training on a task completely from scratch.



Pre-trained Encoders ς Pros and Cons



Pretraining for Three Types of Architectures



Pre-training Encoder-Decoder models

BERT GPT



BART



T5: Self-supervised Pre-training Objectives



T5

Diverse to serve various kinds of input/output formats
It is trained on specific prompts (colon is an important delimiter)



T5

ÅText-to-Text: convert NLP tasks into input/output text sequences

Å Dataset: Colossal Clean Crawled Corpus (C4), 750G text data!

ÅVarious Sized Models:
ÅBase (222M)
ÅSmall (60M)
ÅLarge (770M)
Å3B
Å11B

ÅAchieved SOTA with scaling & purity of data



T5 Results



Encoder-Decoder Pre-Training: Pros & Cons



Pretraining for Three Types of Architectures



Fine-Tuning GPT/GPT2 for Various Tasks
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There is a  

Dairy Cow

Zero ShotLearning



There is a  

Horse

Zero Shot Learning



Zebra is a  

horse with  
Dairy CowΩs 

color

Zero ShotLearning



You are  

better than a 

CNN!!

Dad, Its a  

Zebra

Zero ShotLearning



There is a  

Monkey

OneShotLearning



You are  

better than a 

CNN!!

One Shot Learning Dad, Its a  

Monkey



There is a  

Dog

Few Shot Learning



There is  

another Dog

Few Shot Learning



You are  

better than a 

CNN!!

Few Shot Learning Dad, Its a  

Dog



GPT3: In-Context Learning / Prompting



GPT3: In-Context Learning / Prompting



GPT3: In-Context Learning / Prompting



GPT3: In-Context Learning / Prompting

Very large language models seem to perform some kind of 
learning without gradient steps simply from examples you 
provide within their contexts. 



Results on Few-Shot Learning



Trivia QA



News GenerationTuring Test on News Article Generation





In-Context Learning: Theory and Experiments

- One layer of ñLinearò Attention (without softmax) is equivalent to one step of  (modified) 

gradient descent on same data

- (for regression formulation of the task)

Experimentally
Train transformer to predict missing values in tabular data
Does better than boosted trees, at par with AutoML with 230x speedup

https://medium.com/data-science/the-math-behind-in-context-learning-e4299264be74



Limitations of GPT3

- Low performance in some NLP tasks

- Starts to lose coherence over sufficiently large passages

- {ǇŜŎƛŀƭ ŘƛŦŦƛŎǳƭǘȅ ǿƛǘƘ άŎƻƳƳƻƴ ǎŜƴǎŜ ǇƘȅǎƛŎǎέ ƭƛƪŜ άLŦ L Ǉǳǘ ŎƘŜŜǎŜ ƛƴ ŦǊƛŘƎŜΣ ǿƛƭƭ ƛǘ ƳŜƭǘ Κέ

- Why is it working?
- tŜƻǇƭŜ ōŜƭƛŜǾŜŘ ƛǘ ƛǎ άƎƭƻǊƛŦƛŜŘ ƛƴǘŜǊǇƻƭŀǘƛƻƴέ



Fairness and Bias





Bias

https://twitter.com/i/status/1291165311329341440 

https://twitter.com/i/status/1291165311329341440


News GenerationPaLM (Google, 540B)

https://www.topbots.com/leading-nlp-language-models-2020/



News GenerationChatGPT

https://www.paperdigest.org/2023/01/recent-papers-on-chatgpt/



https://blog.bytebytego.com/p/ep-44-how-does-chatgpt-work





https://blog.bytebytego.com/p/ep-44-how-does-
chatgpt-work



News GenerationChain of Thought Prompting

http://new -savanna.blogspot.com/2022/05/lets-think-step-by-step-is-all-you-need.html

Simply adding ñLetôs think step by stepò before each answer increases the accuracy on 

MultiArith  from 17.7% to 78.7% and GSM8K from 10.4% to 40.7% with GPT-3. 

https://t.co/ebvxSbac1Kpic.twitter.com/lpZwDTf06m

https://t.co/ebvxSbac1K
https://t.co/lpZwDTf06m


[2023] GPT4

GPT-4 is reportedly about six times larger than GPT-3, withone 
trillion parameters, according to a report by Semafor, which has previously 
leaked GPT-4 in Bing.

GPT4 >> GPT3.5
ChatGPT (Pro) >> ChatGPT





GPT3.5

Coding Models

ά¢ƘŜ ƻƭŘ ǾŜǊǎƛƻƴ ŦǊƻƳ ŀ ŦŜǿ ƳƻƴǘƘǎ ŀƎƻ ŎƻǳƭŘ 
be a solid B ǎǘǳŘŜƴǘΣέ ǎŀƛŘ {ŀƭƳŀƴ YƘŀƴΣ 
founder of Khan Academy, ... 

ά¢Ƙƛǎ ƻƴŜ Ŏŀƴ ōŜ ŀƴ A student in a pretty 
ǊƛƎƻǊƻǳǎ ǇǊƻƎǊŀƳΦέ

Codex used for
Å boilerplate code
Å error explainability
Å autofixing errors

20% efficiency

Figure by Sebastien Brubeck



Figure by Peter Lee



Sparks of Artificial General Intelligence: 
Early experiments with GPT-4

Figure by Peter Lee



Emergent Properties

ÅProperties not trained for but emerge in large models (More is Different)

ÅWe defineemergent intelligenceas the appearance of qualitatively new 
cognitive abilities τ such as abstract reasoning, analogical thinking, or social 
inference τ that manifest only in large-scale models and were not directly 
taught during training. This contrasts withsimple learned behavior, which is 
ǘƘŜ ƳƻŘŜƭΩǎ ŀōƛƭƛǘȅ ǘƻ ƛƴǘŜǊǇƻƭŀǘŜ ƻǊ ǊŜǇǊƻŘǳŎŜ ǇŀǘǘŜǊƴǎ ŜȄǇƭƛŎƛǘƭȅ ǇǊŜǎŜƴǘ ƛƴ 
the training data. In emergent intelligence,scale or architecture changes 
lead to a phase transition: models below a threshold fail at a task, while 
larger models suddenly succeed.

https://medium.com/@freeasabird7774/emergent-intelligence-in-large-
language-models-a-multidisciplinary-perspective-5c6a4465da26



Examples of Emergent Properties

ÅChain of thought experiments on reasoning problems

ÅWebbet al.(2023) found that GPT-3 could solve complex analogy problems 
τ matching or even surpassing human performance τ without explicit 
training on those tasks

ÅKosinski (2024) and de Waeleet al.(2024) showed that GPT-4 achieved near-
human accuracy on theory-of-mind tests (false-belief understanding, indirect 
requests, etc.).



Embers of Autoregression: Understanding Large Language 
Models Through the Problem They are Trained to Solve



Embers of Autoregression: Understanding Large Language 
Models Through the Problem They are Trained to Solve





The Pile: a pretraining corpus

Figure 1: Treemap of Pile components by effectivesize.

troduce a new ýlteredsubset of Common Crawl,

Pile-CC, with improved extraction quality.

Through our analyses, weconýrmthat the Pile is

signiýcantlydistinct 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 Pilesigniýcantlyoutperform both

raw andýlteredCommon 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 signiýcantim-

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(ñepochsò)for

2

webacademics books

dialog



Filtering for quality and safety

ÅQuality is subjective

Å Many LLMs attempt to match Wikipedia, books, particular websites

Å Need to remove boilerplate, adult content

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

ÅSafety also subjective

Å Toxicity detection is important, although that has mixed results

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



There are problems with scraping from the web



There are problems with scraping from the web

ÅCopyright: much of the text in these datasets is copyrighted

Å Not clear if fair use doctrine in US allows for this use

Å This remains an open legal question across the world

ÅData consent

Å Website owners can indicate they don't want their site crawled

ÅPrivacy: 

Å Websites can contain private IP addresses and phone numbers

Å Skew:

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



Hallucination



Privacy



Abuse and Toxicity



New Social Issues



LLMs Today



Post-GPT4: Modern Era of LLMs

Å2023
Å[[aǎ ŎŀǘŎƘ ŜǾŜǊȅƻƴŜΩǎ ŀǘǘŜƴǘƛƻƴ
Ådevelopment of open-weight models
Åretrieval-augmented generation systems

Å2024
Ådevelopment of natively multimodal models
Ådevelopment of models on the edge
Ådevelopment of long-context models

Å2025
Ådevelopment of reasoning models
Ådevelopment of synthetic data flywheel
Ådevelopment of agentic systems with multi-step tool use



Llama 2 [2023]

ÅLlama 2/ Llama 2 Chat: open weight models

ÅReleased by Meta AI

ÅTrained between Jan and July 2023 on a 2T token dataset

ÅThree variants: 7B, 13B, 70B

ÅUsed GQA attention

ÅRejection Sampling Fine Tuning Ą PPO

ÅGhost Attention: 

ÅWhat is open about Llama

Åweights


